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I am honored to have been asked to help introduce this unique monograph on a subject that 
has inspired and piqued my clinical and research interest for more than 35 years. Having 
been mentored in drug-induced liver injury (DILI) by the late Hyman J Zimmerman for 
more than 20 years, I know he would appreciate how far the field has come in expanding the 
mechanisms of hepatotoxicity and the clinical signatures of old and new agents causing liver 
injury, and would welcome the new regulatory approaches and perspectives of drug develop-
ers that he helped to define before his passing in 1999. While DILI is still infrequently 
encountered in clinical practice, its impact on the drug development process and regulatory 
actions taken for adverse hepatic effects remains significant. Despite advances in the ability 
to define the various forms of hepatotoxicity from hundreds of drugs, weight loss and dietary 
supplements, and herbal products, the diagnosis of DILI continues to remain one of exclu-
sion. No specific liver enzyme pattern or histological finding is considered pathognomonic, 
as DILI can mimic all forms of acute and chronic liver diseases. As a result, the diagnosis has 
come to depend on a constellation of clinically, genetically, and pharmacologically based ele-
ments for which no other cause seems more likely.

Efforts devoted to assigning causality to specific agents suspected to have led to liver 
injury have grown considerably over the past 25 years since pioneers in drug hepatotoxicity 
established the Roussel-Uclaf Causality Assessment Method (RUCAM), and whose diag-
nostic elements remain the basis upon which most assessments are determined. In the past 
10–15 years, numerous global drug registries have been chronicling the clinical and bio-
chemical signatures, outcomes, and prognosis of DILI, and several international consortia 
have been convened to help determine potential DILI mechanisms and identify diagnostic 
biomarkers. However, without a specific, confirmatory, validated tool to diagnose DILI, 
much of our causality assessment process remains circumstantial and dependent on expert 
opinion. Even RUCAM, which was developed by expert consensus opinion, remains imper-
fect as a methodology. The US DILI Network method that incorporates an expert opinion 
process into the RUCAM elements is considered by many to be the most rigorous causality 
method, but can be time consuming, and may still lack complete agreement among its 
knowledgeable assessors. Similarly, attempts to identify a “one size fits all” biomarker to 
diagnose the innumerable faces of DILI remain incomplete. Moreover, since there are no 
specific antidotes to treat acute idiopathic DILI from non-acetaminophen-based drugs, 
discontinuation of the suspected agent is generally required. Having to withdraw a drug 
that turns out not to be the actual cause of the injury results in several adverse outcomes, 
including depriving a patient of a useful treatment for which no good alternatives might 
exist, adding erroneous safety information to a drug’s profile, and leading to costly regula-
tory and even medical-legal consequences.

The risks and expenses associated with bringing a new chemical entity to market can be 
extremely high, especially since hepatotoxicity is one of the two most common preclinical 
toxicities identified and has been responsible for prematurely ending the further develop-
ment of various agents. Although the FDA has not approved any drug since the late 1990s 
that has been withdrawn specifically for hepatotoxicity, some agents approved elsewhere 
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have been shown to be the cause of severe liver injury and numerous compounds have been 
abandoned in early phase development in the past two decades due to the risk of DILI. As 
a result, DILI stakeholders from all corners of the development globe are turning to various 
forms of in silico or in vitro modeling and pharmacoinformatics to help identify which new 
chemical entities have a propensity to cause liver injury prior to their expensive entry into 
later phase studies.

To help educate drug developers, toxicologists, biochemists, clinicians, and regulators 
alike on the diverse aspects and processes involved with identifying DILI, Drs. Minjun 
Chen from the FDA’s National Center for Toxicological Research and Yvonne Will from 
Pfizer Inc. have brought together the leading scientific and clinical experts in the field of 
drug-induced hepatotoxicity to create a timely handbook where all of the latest preclinical 
and clinical disciplines converge. Seminal textbooks authored by the late Hyman Zimmerman 
and newer compendiums and websites on DILI (such as LiverTox) have provided much of 
the clinical information that often aids in identifying the clinical signatures of DILI, and in 
understanding its mechanisms of injury, but this current effort emphasizes the newly dis-
covered pharmacologic as well as the most up-to-date clinical and genetic risk factors asso-
ciated with DILI while the search for a diagnostic DILI biomarker continues. Erudite 
discussions on the latest mechanisms of DILI, modeling of hepatotoxins, and the structural 
alerts that are currently employed to help predict and/or prevent potentially hepatotoxic 
compounds from entering further clinical development are among the 30 authoritative 
chapters that cover nearly the entire field of hepatotoxicity. The readership of this volume 
will benefit from the in-depth reviews on the recent observations derived from the emerg-
ing fields of pharmacogenetics, pharmacoinformatics, proteomics, transcriptomics, among 
others applied specifically to DILI, along with discussions on several clinical and preclinical 
in vitro and in vivo aspects of liver injury that enhance our understanding of hepatotoxicity. 
Chapters devoted to the regulatory science of evaluation and approval of new drugs and 
challenges that remain in drug discovery and post-marketing surveillance specifically related 
to DILI provide the information that is most helpful to ensure drug safety. In particular, 
the chapter by John Senior and Ted Guo of the FDA is one of the most useful summaries 
on the history of DILI dating back to the 1950s—providing the necessary clinical and 
regulatory context for many of the current efforts in the field of hepatotoxicity.

Specific topics that readers will find most helpful include the latest reviews of the physico-
chemical properties of drugs that form the basis for structural alerts regarding hepatotoxic-
ity. The usefulness of combining the dose of a drug, the degree of its hepatic metabolism, 
lipophilicity, and formation of reactive metabolites into the novel “Rule of Two” and other 
predictors has offered significant insight into these pharmacologic risk factors. At the pre-
clinical level, the use of various hepatocyte cell lines, the ability to simulate populations at 
risk of hepatotoxicity using DILI-sym™, and other novel technologies are proving to be 
quite useful in identifying agents that may be hepatotoxic well before the need to expose 
such agents to animals or humans. Delving into the development of potentially toxic metab-
olites, assessing the role of BSEP and hepatic transporters, and examining the role of drugs 
on mitochondrial toxicity are among other in vitro technologies that are bringing us closer 
to a fuller understanding of DILI mechanisms. On the clinical side, the current state of 
micro-RNAs and other mechanistic biomarkers to help foretell the severity of acute DILI, 
defining the various genetic and other host risk modifiers that help predict who is most likely 
to develop DILI, and a review of the regulatory and diagnostic tools at our disposal to best 
establish the causality of DILI round out the additional chapters that are included.
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I very much look forward to having this text on my bookshelf as the authoritative 
resource on the diverse preclinical, clinical, and regulatory topics that comprise what we 
have all come to recognize as a challenging disorder. Drs. Chen and Will are to be con-
gratulated for assembling such an all-star team of hepatotoxicity experts. Their timely and 
informative reviews and discussions will no doubt serve the field of drug-induced liver 
injury extremely well now and into the foreseeable future.

James H. Lewis 
Georgetown University Hospital 
Washington, DC, USA
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Drug-induced liver toxicity remains a leading cause of acute liver failure and a major con-
tributor to black box warnings and market withdrawal. Despite tremendous efforts towards 
developing new methodologies to better understand, evaluate, and manage liver toxicity, 
progress is still limited, and liver toxicity remains a challenging issue for drug developers, 
regulators, and clinicians.

Twenty years ago, Dr. Hyman Zimmerman published his monograph, Hepatotoxicity: 
The Adverse Effects of Drugs and Other Chemicals on the Liver. In the book, Dr. Zimmerman 
postulated the need to develop a database that contained the assessment of hepatotoxic 
potential and characteristics of medications. In addition, he suggested that maintaining an 
up-to-date list of hepatotoxins would permit the prediction of untested medications by cor-
relating structural features of compounds with hepatotoxic potential.

The strategy Dr. Zimmerman suggested 20 years ago is still valid today. Databases, such 
as the LiverTox by the U.S. National Institutes of Health and the Liver Toxicity Knowledge 
Base (LTKB) by the U.S. Food and Drug Administration, serve as valuable resources in the 
development of new methodologies that aim to assess hepatotoxic risk in humans. New 
tools and models have been developed, including “rule-of-two” (Chap. 3), DILI-Sym 
(Chap. 6), risk matrix (Chap. 17), and e-DISH (Chap. 20). New technologies are rapidly 
advancing, which would help improve assessment and understanding of hepatotoxic poten-
tials of new medications and marketed drugs.

This book provides a comprehensive view of the methodologies for the study of liver 
toxicity encountered throughout the whole life cycle of a drug, from drug discovery, to 
clinical trial, post-marketing, and even clinical practice. It is organized into six parts. The 
first part begins with an introduction to the mechanisms contributing to drug-induced liver 
toxicity. The second and third parts introduce in silico and in vitro approaches used to help 
mitigate hepatotoxicity liability at the early stages of drug development. The fourth part 
describes methodologies applied in regulatory processes, including preclinical studies, clini-
cal trials, and post-marketing surveillance. The fifth part discusses clinical hepatotoxicity. 
Emerging technologies are introduced in the final part of the book.

All chapters are written by internationally recognized experts from Big Pharma, regula-
tory agencies, universities, or clinical centers. The in-depth hepatotoxic knowledge pro-
vided in this multiauthor volume will benefit toxicologists, pharmacologists, biochemists, 
bioinformaticians, drug discovery and development researchers, clinicians with interest in 
liver diseases, and government regulators. Finally, the editors would like to acknowledge all 
the authors for their enthusiasm and contributions to this book and the publisher, Springer, 
for their ongoing support in this project.

Jefferson, AR, USA Minjun Chen 
Groton, CT, USA  Yvonne Will 

Preface

minjun.chen@fda.hhs.gov



xi

The opinions expressed by the authors do not reflect the opinions or policies of their 
respective institutions. Any statements in this article should not be considered present or 
future policy of any regulatory agency.
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Chapter 1

Overview of Mechanisms of Drug-Induced Liver Injury 
(DILI) and Key Challenges in DILI Research

Nabil Noureddin and Neil Kaplowitz

Abstract

The liver is an important target for foreign chemicals, such as drugs, which are metabolized and excreted 
by the liver. Reactive metabolites, or in some cases parent drug, elicit a variety of biochemical consequences 
such as covalent binding and oxidative stress which trigger signal transduction, transcription factors, mito-
chondrial and endoplasmic reticulum (ER) stress which can lead directly to cell death or activate adaptive 
responses which mitigate these hazards. Alternatively, these stress responses may predict the development 
of idiosyncratic drug-induced liver injury (IDILI). Current evidence supports the hypothesis that IDILI is 
often mediated by adaptive immunity in genetically susceptible individuals which is modulated by the 
robustness of immune tolerance.

Key words Hepatotoxicity, Liver injury, Adaptive immunity, Stress responses, Adaptation, Tolerance

1 Introduction

Drug-induced liver injury (DILI) is a diagnosis of exclusion which 
manifests as a spectrum of clinical presentations such as acute hepa-
tocellular liver injury presenting as acute hepatitis, cholestatic jaun-
dice, nodular regenerative hyperplasia, sinusoidal obstruction 
syndrome, steatohepatitis, or subclinical injury which is detected 
during routine testing of serum chemistries [1, 2]. DILI is infre-
quently observed in clinical practice with an incidence ranging 
from 0.014% in a French population-based cohort study, 0.019% 
in the Iceland population, to 1.4% in an in-patient study from 
Switzerland [3–5]. Despite its rarity, because of the wide use of 
medications, DILI remains an important clinical problem. 
Although most of the DILI seen postmarketing is due to drugs 
approved before 1990 (Hoofnagle, personal communication), 
DILI remains an ongoing problem for the pharmaceutical industry 
during preclinical and clinical drug development. New drugs with 
DILI potential are usually identified in preclinical and  premarketing 
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clinical development due to the vigilance of regulatory bodies and 
Industry.

DILI imposes major clinical, economic, regulatory, and scien-
tific challenges. DILI is the leading cause of acute liver failure 
(ALF) in the United States. In fact, more than half of all ALF cases 
in the USA are a result of DILI, most of which are due to acet-
aminophen [6], but idiosyncratic DILI represents an important 
contributor [7]. According to Liver Tox analysis which excluded 
drugs marketed in the past 5 years, of 673 marketed drugs evalu-
ated, 53% had published convincing cases of DILI [8]. It is one of 
the most frequently cited reasons for drug nonapproval, with-
drawal, abandonment, and postmarketing regulatory actions [9]. 
Mainly because of the dreaded risk of ALF and its reliable predic-
tor, Hy’s law, much effort is made to identify or predict the risk 
during preclinical drug development by the pharmaceutical 
industry.

DILI can be broadly divided into predictable, dose dependent, 
direct (intrinsic) toxicity, such as acetaminophen (APAP) toxicity, and 
unpredictable or idiosyncratic DILI (IDILI), such as isoniazid and 
amoxicillin-clavulanic acid. This chapter will provide a broad over-
view of the mechanisms of DILI, and the key challenges in the field.

2 Mechanisms and Pathogenesis

The central role of the liver in removal of lipophilic drugs and their 
hepatic metabolism places the liver as a prime target for reactive 
metabolites of drugs. After the exposure to reactive metabolites, or 
in some cases the parent drug, the ensuing fundamental processes 
in DILI are biochemical and organelle stress and/or the death of 
hepatocytes accompanied by inflammation (innate immunity) and, 
in many cases, the participation of the adaptive immune system. All 
these processes are potentially mitigated by biochemical and immu-
nological adaptive responses. The cascade of events that lead to 
direct hepatotoxicity or IDILI have many similarities in the 
upstream processes but fundamental differences which are deter-
mined by the individual drug and host factors, especially genetic 
[10–12].

3 Direct Hepatocyte Toxicity

Drugs or reactive metabolites can cause intrinsic predictable toxicity 
by covalent binding to intracellular proteins, generating reactive oxy-
gen species (ROS), and inducing organelle stress (such as endoplas-
mic reticulum (ER) and mitochondrial stress). If the stress is minor, 
organelle adaptive responses (such as the unfolded protein responses 
in the ER or mitochondria) will compensate and the development of 
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the injury will be dampened. If these responses are overwhelmed, 
organelle stress can activate the intrinsic pathway of apoptosis via 
mitochondrial outer membrane permeabilization (MOMP) or lead 
to necrosis by mitochondrial permeability transition (MPT) and cell 
death will occur [12]. The roles of other forms of cell death in DILI, 
such as necroptosis, ferroptosis, or pyroptosis are not well under-
stood. Understanding the mode of cell death and mechanisms lead-
ing to cell death is critical for developing therapeutic strategies to 
treat DILI before it becomes severe (Hy’s law or ALF).

The most prominent example of direct hepatotoxin is acetamino-
phen (APAP). A brief summary of the cascade of events in acet-
aminophen metabolism and toxicity follows, which illustrates some 
of the critical events in direct intrinsic toxicity.

The major metabolites of APAP are the glucuronide and sul-
fate conjugates, while a minor fraction is converted in the liver by 
the cytochrome P450 system (mainly CYP2E1) to a highly reactive 
toxic electrophilic arylating metabolite, NAPQI. NAPQI is nor-
mally quickly inactivated by being preferentially conjugated with 
reduced glutathione in the liver. When large doses of APAP are 
ingested, NAPQI production increases and glutathione becomes 
depleted [13]. The dose of APAP sufficient to induce toxicity in 
humans is very variable and depends on the many known and 
unknown factors that influence APAP metabolism and the down-
stream events that induce injury and repair. NAPQI can covalently 
bind to cell protein thiols and also can oxidize them leading to the 
formation of inter-protein crosslinking, disulfide bridges or mixed 
disulfides [14]. This causes ER stress [15] but the contribution of 
ER stress in APAP toxicity has not been clearly elucidated. NAPQI 
is sufficiently stable so as to enter the mitochondria, where it leads 
to impairment in electron transport, resulting in the generation of 
ROS [16]. NAPQI and consequent mitochondrial-derived ROS 
damage mitochondrial DNA, and the release of mitochondrial 
ROS activates upstream kinases such as GSK3β [19], RIPK1 [21], 
PKC [20], MLK3 [23], ASK1 [24] and MKK4 [25] leading to 
c-Jun N terminal Kinase (JNK) activation in the cytoplasm [16–
18]. Activated JNK (p-JNK) then binds to its target Sab [22] and 
phosphorylates it on the outer mitochondrial membrane, leading 
to the intermembrane release of protein tyrosine phosphatase type 
6 (PTPN6) from Sab. PTPN6 dephosphorylates and inactivates 
Src in the intermembrane space [22]. Active Src is required to 
maintain electron transport in the inner membrane. When Src is 
inactivated, the ETC chain is blocked and ROS production is 
amplified, ultimately leading to MPT. This results in the collapse of 
mitochondrial membrane potential, and thus the cessation of ATP 
synthesis, as well as to the release of mitochondrial proteins which 
damage nuclear DNA. Necrotic cell death ensues, characterized by 
cell swelling and lysis, referred to as oncosis.

3.1 Acetaminophen 
(APAP) Toxicity

Overview of DILI
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When exposure is sufficient, many possible biochemical and organ-
elle stress responses are triggered by reactive metabolites which are 
generated in hepatocytes. These mechanisms can induce cell dys-
function, potentially generate danger signals such as danger- 
associated molecular patterns (DAMPS), sensitize hepatocytes to 
death receptor-induced cell death, or induce sufficient stress to 
mediate hepatocyte death through intrinsic death mechanisms. 
Alternatively, hepatocytes have a variety of adaptive mechanisms 
which can arrest the progression of cell dysfunction or lethality. 
The major stressors and adaptive mechanisms are listed in Table 1. 
Reactive metabolites can undergo covalent interaction with pro-
teins or induce redox perturbations leading to oxidative stress. 
These upstream biochemical events play a role in causing or wors-
ening organelle dysfunction in the ER and mitochondria. 
Hepatotoxic drugs commonly induce oxidative stress, ER stress, 
and mitochondrial stress (any or all). Aside from a pivotal role for 
ROS generated in mitochondria, accumulation of bile acids due to 
drug or metabolite inhibition of BSEP may play an important role, 
not only in inhibiting bile secretion (cholestasis), but in affecting 
ER and mitochondrial function [26]. Although less is known about 
the stress-inducing effects of fatty acids in the context of DILI, 
saturated fatty acids also impair ER and mitochondrial function 
[27]. A key feature of all these biochemical and stress responses is 
the involvement of signaling kinases, such as MAPK, in causing or 
responding to organelle and oxidative stress to perpetuate and 
amplify cellular dysfunction [28].

3.2 Cellular Stress 
Responses 
and Adaptive 
Responses in DILI

Table 1 
Intracellular stress responses and adaptive responses

Stress initiator Adaptive responses

CYP-mediated reactive metabolite formation CYP inactivation
Enhanced detoxification

Reactive oxygen species (redox perturbations 
and signal transduction)

Antioxidant defense 
[Nrf2, etc.]

Mitochondrial impairment Mitophagy, fission/
fusion, biogenesis and 
UPRMito

ER stress UPRER

BSEP inhibition (bile acid toxicity) FXR mediated 
enhancement of bile 
acid export

Innate immunity, cytokines, chemokines, 
inflammation

Anti-inflammatory 
responses

Nabil Noureddin and Neil Kaplowitz
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Intracellular adaptive responses, when not successful in restoring 
homeostasis, might sensitize “stressed hepatocytes” to greater 
immune-mediated toxicity and T cell or cytokine induced apopto-
sis. Similar hypotheses can be generated for adaptation to ER 
stress, commonly seen in response to covalent binding, as well as 
adaptive responses to mitochondrial stress. In both instances the 
cell responds to organelle specific stress through unfolded protein 
responses (ER or mitochondria), which upregulate the transcrip-
tion of chaperones and improve protein folding. In addition, dam-
aged mitochondria elicit other adaptive responses such as mitophagy 
(a form of autophagy selectively involving damaged, ROS produc-
ing mitochondria) to remove them, or biogenesis to replace them. 
Retrograde signaling from stressed mitochondria or ER leads to 
transcriptional programs for both protective UPR and organelle 
biogenesis to replace the damaged organelles removed by nonse-
lective or selective (mitophagy) autophagy.

UPRER retrograde signaling mainly occurs through activation 
of transcription factors such as sXBP1 and ATF6 which induce 
chaperones which mitigate impaired folding. At the same time 
translational arrest occurs through the activation of ER PERK 
which reduces client load. When these adaptive mechanisms fail, 
the ER signals apoptosis through the activation of JNK, which 
along with Ca2+ released from the ER targets mitochondria leading 
to ROS production and intrinsic cell death (apoptosis) mediated 
by Bcl family mediated permeabilization of the outer membrane of 
mitochondria [29, 30].

UPRmito has been more recently elucidated and involves a novel 
regulatory mechanism of mitochondrial protease mediated degrada-
tion of cytoplasmic proteins taken up by normal mitochondria. For 
example, ATFS-1 is a transcription factor with both mitochondrial 
and nuclear localization peptide sequences. Mitochondrial uptake 
and degradation dominates under basal conditions. However, when 
its mitochondrial uptake is impaired (depolarized or damaged mito-
chondria), this transcription factor is stabilized and translocates from 
the cytoplasm to the nucleus to activate expression of mitochondrial 
chaperones and import machinery [31]. Interestingly, this type of 
novel protein regulatory turnover mechanism also plays a role in 
mitophagy. PINK1 is a kinase which continuously enters mitochon-
dria and is degraded. When mitochondria depolarize, PINK1 stabi-
lizes on the outer membrane and recruits and phosphorylates 
PARKIN, an E3 ligase which ubiquitinates outer membrane pro-
teins which target mitochondria for mitophagy after p62 binding to 
the ubiquitinated proteins. PINK1 also inactivates mitochondrial 
fusion allowing fission to occur so that mitochondrial fragments are 
able to undergo mitophagy [32]. The regulation and importance of 
fission/fusion in DILI is largely unexplored.

The role of autophagy/mitophagy has been studied in 
APAP induced hepatotoxicity. APAP resulted in formation of 
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minjun.chen@fda.hhs.gov



8

autophagosomes that engulfed mitochondria and pharmacological 
inhibition of autophagy by 3-methyladenine or chloroquine 
exacerbated APAP toxicity while this was attenuated by rapamycin-
induced enhanced autophagy, even if administered two hours after 
APAP [33].

Direct toxicity is generally identified readily in preclinical 
and/or the early phase of clinical testing and only is acceptable in 
the extension of drug development when the benefit far outweighs 
the risk. The latter scenario mainly applies to cancer chemotherapy 
drugs. An overview of the principles of direct hepatotoxicity is 
illustrated in Fig. 1. These concepts of cellular stress and death also 
seem to be relevant to IDILI. There are many approaches to pre-
clinical screening of drugs which have been validated using panels 
of drugs known to cause IDILI compared to drugs which have no 
or minimal risk. The study models include isolated mitochondria 
or microsomes, hepatocytes, liver cancer cell lines, collaborative 
cross of inbred mouse strains, humanized mice, organoids, liver on 
a chip, micropatterned culture, iPS derived liver-like cells, and 
other emerging technologies. Assessment for various hazards 
include transcriptomics, cellular respiration, ATP, ROS, covalent 
binding, apoptosis or necrosis, and BSEP inhibition with the aim 
of identifying hazards such as oxidative stress, lipid peroxidation, 
transcriptomic changes, ER or mitochondrial stress, or the footprint 

Effective
Adaptation 

UPR-ER, UPR-Mito, 
Autophagy, 

Anti-inflammatory 
balance

Overwhelmed 
Adaptation 

Parent Drug
or

Reactive 
Metabolite

Signal transduction  

Covalent Binding
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Proteostatic Stress 
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Dampening of 
Injury
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Fig. 1 Pathogenesis of direct hepatotoxicity
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of these hazards as reflected in robust adaptive responses. The chal-
lenging aspect of the findings relates to the reason for good predic-
tive performance of most of these model systems in identifying 
IDILI risk in the face of the fact that these approaches are largely 
identifying direct toxicity and may not necessarily reflect the idio-
syncratic mechanism. Are these predictable hazards a surrogate for 
drugs which are potentially immunogenic without informing on 
specific mechanism or are these hazards important contributing 
factors to the development of adaptive immunity through the gen-
eration of danger signals and/or are these hazards contributing to 
the unmasking of IDILI by sensitizing to adaptive immune- 
mediated killing? Further complicating these possibilities is the 
question of whether variations in the adaptive responses to cellular 
hazards contribute to susceptibility to direct or idiosyncratic DILI.

4 IDILI

The pathophysiology of IDILI is multifactorial, involving drug/
pharmacological factors, host factors, and factors affecting the 
adaptive immune system. Current evidence strongly favors the 
concept that IDILI is usually mediated by the adaptive immune 
system. Recent work has shown that many examples of IDILI are 
associated with genetic susceptibility in the MHC genes [34]. 
However, in most examples only a small proportion of individuals 
carrying the risk allele develop liver injury.

●● Pharmacological: Certain drug properties such as dosage and 
lipophilicity have been associated with IDILI. In fact, drugs 
that are both taken at a high dose (greater than 50–100 mg/
day) and have a calculated octanol-water partition coefficient 
(log P > 3) rendering them lipophilic have a higher positive 
predictive value for inducing toxicity than a dose alone, indi-
cating the need for a threshold level of hepatic exposure [35]. 
Thus, although IDILI is not strictly dose-related, a dose 
threshold to meet some level of exposure to the drug, its 
metabolites, and or its hazards appears to be needed for the 
development of adaptive immune response.

●● Host factors: Age and sex are well-known risk factors for toxic-
ity of specific drugs. It is possible that age influences the adap-
tive immune response. Of course, medication use increases 
with age and polypharmacy is more prevalent [36]. Women 
tend to be at higher risk for IDILI in many studies. However, 
in the Spanish DILI registry, Lucena et al. did not find an asso-
ciation between female sex and overall increased incidence of 
DILI [37].

4.1 Factors 
Contributing 
to Development 
of IDILI

Overview of DILI
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●● Hepatic metabolism and transport: Most often, the first step for 
an IDILI event is for the parent drug to form a reactive metab-
olite capable of covalently binding intracellular proteins and 
generating cellular stress. There is considerable individual vari-
ation in the activity of the cytochromes P-450 (CYP) deter-
mined by environmental and genetic effects. Similarly, exposure 
may be greatly influenced by the status of phase 2 conjugation 
and phase 3 transporters which are also subject to environmen-
tal and genetic influences. Surprisingly, GWAS and exome 
sequencing studies have only infrequently found genetic poly-
morphisms in IDILI related to hepatic metabolism or trans-
port [38, 39]. However, nongenetic variations in hepatic 
metabolism and transport likely play a role in susceptibility to 
direct toxicity and by extension to hazards elicited by IDILI 
drugs. The fact that hazards in preclinical testing are usually 
studied at high drug concentrations could obscure the contri-
bution of variations in drug metabolism and transport to risk. 
Certainly, potency of BSEP inhibition in predicting IDILI sug-
gests that effects of transporters maybe be of importance.

●● Genetic variations and polymorphisms in human leukocyte anti-
gens: The idiosyncratic nature of most drug reactions has long 
been viewed as evidence of a genetic predisposition to hepato-
toxicity. Polymorphisms in HLA genes have been clearly dem-
onstrated to be associated with many recent IDILI drugs [34]. 
The implication of these studies is that IDILI is the result of 
the activation of an adaptive immune response. These HLA 
haplotype associations suggest that DILI occurs due to a 
genetic predisposition to an adaptive immune response due to 
the presentation and recognition of a drug-related antigen.

Although HLA restriction has been evident for years, the 
underlying mechanisms of the immune response have not been 
fully elucidated. Several hypotheses of the immune system acti-
vation in IDILI have been proposed [34]. These are supported 
by earlier studies identifying the occurrence of anti-drug 
hapten antibodies and autoantibodies in some cases as well as 
by the occurrence of systemic hypersensitivity as evidenced by 
fever, rash, eosinophilia with a latency of days to a few weeks in 
some cases. However, it is important to recognize that many 
examples of IDILI are not accompanied by such systemic 
 manifestations of hypersensitivity and exhibit longer latency of 
months. It is remarkable that these IDILI scenarios selectively 
involving the liver were formerly considered to be due meta-
bolic idiosyncrasy. This is not to say that metabolic idiosyn-
crasy does not occur due to cumulative direct effects of certain 
drugs, for example nucleosides and amiodarone toxicity.

Nabil Noureddin and Neil Kaplowitz
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●● Hapten hypothesis: This postulates that certain drugs are metab-
olized to reactive compounds which can bind to endogenous 
proteins and form neoantigenic or “hapten” peptides that are 
presented to and recognized as foreign antigens by the immune 
system of certain individuals with HLA polymorphisms [34, 
40]. This is probably the most common mechanism. In certain 
cases, the parent drug (e.g., flucloxacillin [41]) may form 
covalent interactions with a peptide directly in the MHC 
groove. However, covalent binding probably occurs in nearly 
all exposed individuals including those with HLA risk, whereas 
even mild DILI occurs in only a small minority.

●● Pharmacological interaction (p-i) hypothesis: This proposes that 
certain drugs can directly form noncovalent interactions with 
MHC molecules leading to the activation of the immune sys-
tem [42, 43]. It is likely that the initial binding of the drug to 
the MHC molecule is labile, and serves as a scaffold for a T cell 
receptor (TCR) interaction of much higher relative affinity. 
This TCR interaction is capable of generating an immunological 
response, as it involves T cell activation. However, the specific 
sites of drug binding on the MHC-peptide complex remain 
unresolved for many drugs.

●● The altered peptide repertoire hypothesis: This model suggests 
that certain drugs can cause mistargeting of endogenous 
peptides to the wrong HLA leading to autoimmunity. The 
mistargeting is drug dependent and may involve covalent or 
noncovalent binding of the parent drug to the MHC peptide 
binding groove. The mechanism of abacavir skin toxicity is the 
best example [44, 45].

●● Multiple determinant hypothesis: An alternative hypothesis for 
IDILI is that multiple risk factors (such as polymorphisms, age, 
gender, preexisting conditions) could overlap together to 
induce DILI [46–48]. The mouse model of halothane-induced 
liver toxicity can be used as example. Among the known human 
risk factors for halothane hepatitis are female gender, middle 
age, genetic predisposition, and multiple exposures. Therefore, 
unless all conditions are met and the multiple determinants are 
fulfilled IDILI will not occur which may partly explain why the 
disease is so rare [49]. Nevertheless, this hypothesis is most 
likely a precursor for the development of adaptive immunity in 
susceptible individuals.

●● Inflammatory stress hypothesis: The unpredictable nature of 
idiosyncratic DILI may also suggest that there could be another 
event occurring concomitantly with drug therapy. This raises 
the possibility that IDILI reactions could be unmasked by 
inflammation concomitantly occurring during drug therapy, 
which could interact with the action of the drug and escalate 

4.2 Hypotheses 
of Immune System 
Activation 
and Involvement 
in IDILI
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into liver injury. Such a response is often characterized by 
inflammatory cell infiltrates within liver lesions of patients 
suffering from IDILI. These inflammagens bind to “pattern 
recognition receptors” such as Toll-like receptors (TLRs) on 
immune system cells, which initiate the activation of transcrip-
tion factors and the expression of inflammatory mediators such 
as TNFα and IFNɣ [46–50]. This seems most plausible in the 
in the context of danger signals to promote adaptive immu-
nity in genetically predisposed individuals. However, the 
adaptive immune response may not only be costimulated by 
cytokines, but may also lead to production of cytokines which 
are effectors of hepatocellular stress and death (e.g., TNF and 
IFNɣ mediated necrosis). Thus, immune mediated cell death, 
the key manifestation of serious IDILI may be mediated by a 
repertoire of effector mechanisms including TCR engage-
ment, granzyme/porin, FasL, cytokines, and antibody/
complement.

Only a small proportion of individuals with susceptible HLA geno-
types develop clinically significant liver injury when exposed to 
IDILI drugs. The adaptation hypothesis has been put forth as an 
explanation for why only a small percentage of susceptible indi-
viduals develop either no evidence of liver injury or overt IDILI 
and severe injury, while the majority with susceptible genotypes 
develop only mild abnormalities that usually resolve spontaneously 
despite continuation of the drug. This spontaneous resolution is 
referred to as clinical adaptation. This adaptation may be the result 
of liver’s constant state of immune tolerance in order to avoid 
inflammatory reaction due to its routine exposure to foreign anti-
gens [21] (Fig. 2).

The mechanisms of immune-tolerance can be broken down to 
the following key events: control of antigen presentation, clonal 
deletion (apoptosis of antigen-specific T cells) and immune devia-
tion (switching fromTh2 to Th1 predominance).

The liver microenvironment plays a crucial role in the induc-
tion of immune tolerance toward dietary and foreign antigens. 
The liver contains various cell types, hepatocytes, along with the 
cholangiocytes, are the functional components of the liver. Other 
cell types referred to as nonparenchymal cells (NPC), essential to 
normal biologic and immunologic functions, include liver sinusoi-
dal endothelial cells (LSECs, which constitute the wall of the liver 
sinusoids), Kupffer cells (KCs) which are resident liver macro-
phages, stellate cells (HSCs) which are pericytes found in perisinu-
soidal space, liver-associated lymphocytes and dendritic cells. 
LSECs function as a barrier between leukocytes or other macro-
molecules present in the sinusoidal lumen and hepatocytes, thus 
preventing direct contact between leukocytes and hepatocytes. 
LSECs take up antigens from the sinusoids for processing and 

4.3 Immune- 
Tolerance 
and Adaptation
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antigen presentation. They can induce cytokine expression and 
proliferation and activation of CD4+ T cells. KCs, which are spe-
cialized macrophages, are located mainly in the periportal sinu-
soids so they can phagocytose and eliminate antigens and 
pathogens entering the liver parenchyma via portal venous blood 
from the intestines. KCs also play a pivotal role in regulating the 
liver’s homeostasis in the face of constant exposure to ingested 
antigens. The liver’s immune tolerance is dependent on the auto-
crine and paracrine effects of cytokines secreted by KCs as well as 
on LPS stimulation of immune cells and antigen presenting cells 
(KC and LSECs particularly). LPS from gut accompanies ingested 
food antigens and has been shown to have immune-tolerogenic 
properties. KCs and LSECs express cytokines such as IL-10, 
TGFβ, TNF, and prostaglandins either constitutively or in 
response to LPS, resulting in downregulation of leukocyte adhe-
sion to LSECs, expansion of regulatory T cells (T-regs), and abro-
gation of T cell activation, all of which lead to an increased 
immune tolerance in the liver [21, 51].

Another proposed mechanism of peripheral immune-tolerance 
induction by the liver is the phenomenon of clonal deletion or 
induction of antigen-specific T cell apoptosis in the liver [52, 53]. 
While the elimination of T cell populations seems an attractive 
explanation, it does not seem to be the whole story since tolerance 
can be transferred from one animal to another. This can be achieved 
by adoptive transfer of γδ T cells, which suggests that the mechanism 
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Fig. 2 Importance of status of immune tolerance in the pathogenesis of IDILI
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of this phenomenon is more complex and that tolerance is mediated, 
at least in part, by immune deviation as opposed to mass T cell 
elimination [21].

Despite these recent advances in proof of principle studies 
demonstrating the potential role of immune tolerance, the exact 
underlying mechanism of defective clinical adaptation, even in 
those individuals with HLA risk, and how it results in IDILI 
remains unknown. However, many interesting associations are 
apparent, such as the frequency of IDILI with antibiotics (nine out 
of the top ten agents causing IDILI in the DILIN database are 
antimicrobials) [54]. Given the strong evidence for the tolerogenic 
properties of LPS on antigen presentation and cytokine secretion, 
it is intriguing to hypothesize that the antibiotic effects on gut 
microflora and changes in LPS exposure may contribute to defec-
tive adaptation. The changes in gut microbiota may also have 
effects on the phenotypes and functions of regulatory immune 
cells in the liver immune system, e.g., KC polarization (pro- or 
anti-inflammatory), T-reg expansion/frequency, hepatic stellate 
cells, etc. Furthermore, the microbiome can influence drug toxic-
ity and the liver not only by the tolerogenic properties of LPS, but 
by affecting drug metabolism. It is important to point out that 
these are only associations and intriguing as hypotheses but no 
evidence of causality exists [54]. Furthermore, complicating the 
role of the microbiome are its effects on drug metabolism and 
enterohepatic cycling of drugs which may influence exposure in 
the liver [55, 56]. In addition, since mitochondria, derived from 
ancestor protobacteria, retain similar machinery for protein syn-
thesis, one could speculate that antibiotics have similar toxic effects 
on liver mitochondria, possibly inducing a costimulatory effect on 
adaptive immune response.

More recently several studies and animal models have shown 
that when the intrinsic liver autoimmunity checkpoints are experi-
mentally bypassed, drugs that normally would not result in liver 
injury or only cause transient DILI, caused T cell activation with 
persistent and more severe DILI, which strengthens the immune 
tolerance and clinical adaptation theory [57–59].

It is tempting to speculate that clinical adaptation, during which 
liver tests reflecting mild injury resolve despite continued drug 
ingestion, is mainly driven by the development of immune tolerance 
which dampens the injury and conversely the inadequate develop-
ment of tolerance may explain the progression to Hy’s law and 
severe liver injury. Indeed, one could even entertain the hypothesis 
that hypertolerant individuals begin to dampen injury before it can 
be detected. Thus, despite the low incidence of clinical adaptors and 
even lower incidence of nonadaptors among those who have a 
genetic predisposition to an adaptive immune response to an IDILI 
drug, it is likely that far more of these individuals exhibit covalent 
binding. They may not progress to even mild DILI because of an 
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effective early immune tolerance but also possibly because the 
hazardous biochemical stress responses may trigger robust cellular 
adaptive responses which dampen danger signals.

Elucidation of the relationship between the direct toxicity of 
IDILI drugs in preclinical studies and the development of adaptive 
immunity remains a major challenge: is there a mechanistically rel-
evant relationship or is it fortuitous in the sense that the direct 
toxicity is a surrogate for something else? Much of this discussion 
is hypothetical but presents ideas which could be experimentally 
addressed. Ideally such studies would be best performed in humans 
and would involve noninvasive ways of expanding our limited 
repertoire to identify drug-induced hazards in the liver with unique 
biomarkers and imaging approaches. In addition, we need to bet-
ter understand the mechanisms of immune tolerance, variations in 
how and when they are deployed, and how they can be enhanced 
to dampen early evidence of DILI (Fig. 3).

5 Conclusions

DILI is a very challenging diagnosis in clinical practice since it 
mimics a broad range of liver disease. Hepatocellular injury remains 
the most feared consequence as it can progress to acute liver 
failure. Concern for DILI greatly impacts drug development and 
regulatory bodies. DILI is divided into predictable (direct), dose 
dependent (such as APAP) or unpredictable, idiosyncratic. 
Exposure of hepatocytes to parent drug or reactive metabolites 
may induce a variety of stress responses and adaptive mechanisms, 
which can directly cause liver injury or illicit danger signals activating 
the innate and adaptive immune system. Drugs could also sensitize 

Fig. 3 Mechanistic relationship between intrinsic (direct) toxicity and DILI
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to toxicity by modulating the susceptibility of hepatocytes to 
immune mediated apoptosis (for example by causing oxidative ER 
and mitochondrial stress). On the other hand, IDILI is a rare dis-
order and the result of a complex interplay between potentially 
immunogenic drugs or metabolites and the host’s immune 
response. The exposure to the drug must surpass a “threshold” 
exposure level, which is determined by the drug dosage and lipo-
philicity and also modulated by the host’s metabolic capacity. 
Certain host factors such as age, gender, or variations in the phase 
I and II enzymes or drug transporters, as well as transcription fac-
tors, can result in sufficient exposure to a toxic and electrophilic 
drug metabolite to induce toxicity or an immune response. Most 
patients exposed to IDILI drugs and their metabolites develop no 
or mild transient abnormalities which resolve with continued expo-
sure (clinical adaptation). Certain individuals with polymorphisms 
in HLA molecules when exposed to these IDILI drugs may develop 
overt clinical liver injury, although a multitude of conditions need 
to be met for IDILI to occur. There are several hypotheses for how 
drugs can lead to activation of the adaptive immune system leading 
to liver injury. All are probably relevant and depend on drug spe-
cific factors.

Our mechanistic understanding of direct DILI has greatly 
advanced through the identification of the role of stressors or haz-
ards such as covalent binding, ROS, signal transduction and bile 
acids which elicit responses in organelles which promote injury at 
the functional and survival level. These responses lead to adaptive 
responses which dampen cellular and organelle dysfunction. These 
same mechanisms are commonly observed when IDILI drugs are 
examined in various preclinical models, suggesting but not proving 
that they represent relevant hazards mechanistically involved in the 
development of IDILI. However, IDILI is a rare disorder which 
impacts only a small minority of even genetically susceptible indi-
viduals. Adaptive immunity appears to be a dominant mechanism 
for IDILI and its modulation by immune tolerance may greatly 
impact the low frequency of its occurrence in genetically  susceptible 
individuals. Overall the DILI field has benefited from enormous 
progress in our understanding of mechanisms and we now have 
more refined hypotheses to test as we look for better ways to pre-
dict risk, specifically identify DILI in humans, and clarify the spe-
cific hazards and their contribution to IDILI.
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Chapter 2

Detection, Elimination, Mitigation, and Prediction  
of Drug- Induced Liver Injury in Drug Discovery

Francois Pognan

Abstract

Despite being among the most efficiently detected and managed toxicity during preclinical drug develop-
ment, drug-induced liver injury (DILI) remains a major hurdle and is recognized to be a major cause of 
drug attrition and market withdrawal. DILI impacts many different sectors of society including patients, 
public health systems, health insurers and the pharmaceutical industry. Animal models are very efficient at 
detecting direct, dose-dependent and species-independent toxicity to the liver, the so-called intrinsic 
DILI. Compounds inducing mild liver signals can be developed as drugs if they exhibit a positive thera-
peutic benefit and are deemed to be superior to the currently available standard of care/medications. 
These cases are well managed as opposed to the unpredictable, dose-independent, individual-specific idio-
syncratic toxicities, which are typically not detected in preclinical phases of drug development. Considerable 
efforts are dedicated to the detection and understanding of idiosyncratic DILI, and to the prediction of 
intrinsic DILI. Ever more complex and biologically relevant in vitro models are emerging for compound 
prescreening purposes. These data are also being used to the development of in silico algorithms which, 
when combined with compound chemical properties, in vivo observations and human-based post- 
marketing data, yield analytical and potentially predictive systems. In addition, the recent emergence of 
viable humanized liver animal models should bring forth a new battery of assays for accurately predicting 
compound-induced intrinsic liver toxicity in patients, and may also pave the way toward a better under-
standing of idiosyncratic DILI reactions.

Key words Drug-induced liver injury (DILI), In silico hepatotoxicity, In vitro hepatotoxicity, In vivo 
hepatotoxicity, Predictive toxicology, Intrinsic DILI; idiosyncratic DILI, Preclinical safety

1 Introduction

It is commonly recognized that drug-induced liver injury (DILI) 
remains one of the primary causes of drug development attrition 
and market withdrawal [1–5]. However, the overall detection and 
elimination of potentially hepatotoxic compounds during preclini-
cal phases is somewhat effective [1, 6, 7]. Liver toxicity events 
represent one of the most common adverse side effects observed 
in both animal and human studies, most likely due to the high 
concentrations of xenobiotics to which liver is exposed and its 
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 detoxifying role in the body. Direct and dose-proportional hepato-
toxicity, also known as intrinsic DILI (Table 1), is the most com-
mon type of liver toxicity [8]. Intrinsic DILI is efficiently detected 
in preclinical studies and thus there are only very rare exceptions of 
human-specific intrinsic DILI cases. This is to be opposed to idio-
syncratic DILI which is not dose dependent or operates through a 
direct action of the compounds to cells, but is rather the result of 
a unique combination of events usually involving the immune sys-
tem leading to delayed and sometimes severe liver injury [9] 
(Table 1). Idiosyncratic DILI is very poorly translatable from one 
species to another, if at all. So far, there are no animal models that 
can be routinely used to uncover such events in preclinical devel-
opment phases. These idiosyncratic reactions specific to human 
and consequential to a combination of uncommon conditions are 
not predictable in regulated preclinical animal studies [1, 9, 10]. 
Hence, despite an efficient elimination of most of hepatotoxic 
compounds during animal studies, some are being progressed and 
will induce liver events serious enough in humans to preclude the 
clinical development of otherwise very promising drug candidates. 
More infrequently, compounds can reach the drug status, i.e., 
being marketed after demonstrating an acceptable safety profile 
and successfully fulfilling all other criteria, and may trigger 
extremely rare but devastating idiosyncratic DILI when used 
within larger populations. Such cases may require organ transplant 
and may sometimes lead to a fatal outcome [11]. Beyond the dra-
matic impact on those patients, such adverse idiosyncratic DILI 
events waste vast amounts of money and time for the pharma 
industry, erode public trust into drugs in general, damage the rep-
utation of the pharma industry, have a detrimental financial impact 
on public health systems, and most importantly delay patient access 
to new treatment options.

The necessity of eliminating these rare clinical DILI cases, 
either human-specific intrinsic or idiosyncratic, is imperative for 
all involved. Large efforts within the industry, in academic insti-
tutions, or addressed in private–public partnerships, are cur-
rently undertaken on a large scale of contributors and funding 
to match the height of the challenge. In addition, and most 
certainly more easily, in vitro and in silico detection of direct 
hepatotoxic compounds that would be detected in animal stud-
ies, will directly benefit from these efforts. The effects of such 
methods will be to eliminate poor drug candidates either before 
animals testing, hence having a real impact on 3Rs (refine, 
reduce, replace), or early in preclinical safety, refining candidate 
quality and avoiding potential accidents in human clinical trials 
(Fig. 1).
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This chapter reviews (1) the challenges faced by the pharma 
industry for the early detection of potential intrinsic hepatotoxic 
compounds and the associated opportunities for better and accel-
erated development of new drugs, (2) the current progresses of in 
silico, in vitro and in vivo approaches for predicting intrinsic DILI, 
(3) the difficulties and intricacies to address idiosyncratic DILI, (4) 
the current progress of in vitro and in silico approaches for under-
standing mechanisms of liver toxicity and species specificity, and 
(5) a brief mention of the challenges and promises borne by gen-
eral public health-related big data collection.

Table 1 
Main differences between intrinsic and idiosyncratic drug-induced liver injury

Intrinsic DILI Idiosyncratic DILI

In vivo

Predictable Unpredictable

High incidence Very low incidence

Dose dependent Dose independent

Direct mechanism of action, rapid tox development Indirect MoA, usually involving the immune 
system, delayed tox events

Mostly sex, species and individual-independent; 
external conditions may aggravate the DILI

Individual-specific with a concordance of various 
external conditions necessary for DILI

Metabolic variations may introduce some sex and 
species differences

Metabolism involved in reactive metabolites, 
triggering immune reactions

Severe DILI Mild DILI Severe DILI Mild DILI

Compound stopped May be progressed 
under certain 
conditions

Drug withdrawal Mostly 
undiagnosed or 
unnoticed

Humanized animal models

Predictable, useful for human specific metabolism- 
bound toxicities not linked to immune system

Hope in future dual humanized models: 
liver + bone marrow

In vitro

If mechanism known, toxicity can be recreated and 
used for screening and prediction

Models irrelevant

In silico

May predict with enough accurate and relevant 
data

May help the understanding and perhaps 
prediction in the future with enough relevant 
data

In Silico, In Vitro and In Vivo Approaches for Predicting and Managing DILI
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2 Review

Drug-induced liver toxicity is still a major hurdle for drug develop-
ment and is considered as a major cause of attrition as well as of 
market drug-withdrawal [1, 8], despite a relatively good detection 
rate in preclinical toxicology [6, 7]. In animal studies, liver ranks as 
the top target organ for the occurrence of findings as obtained 
from the eTOX consortium database (Fig. 2a). The eTOX data-
base comprises about 8000 extracted study reports from 13 par-
ticipating pharmaceutical companies and represent a wide array of 
small chemical compounds, either stopped during development or 
progressed to the market (http://www.e-tox.net) [12–14]. One 
of the difficulties of translation of preclinical findings to human 
resides in part of the nature of the hepatotoxicity observed in ani-
mals. For example, Fig. 2b shows that hypertrophy, which can be 
adaptive or adverse, is the first type of finding and known to be 

2.1 Preclinical 
In Vivo Detection 
of Intrinsic 
Hepatotoxicity Signals 
in Drug Development

Fig. 1 Overall steps of compound elimination and learning feedback into in silico expert systems. New com-
pounds may be tested in vitro in cell systems ( ) and eliminated before being tested in animals when hitting 
predefined criteria for suspicion of potential liver toxicity ( ; dotted red arrow) or progressed into in vivo test-
ing ( ; plain green arrow). After testing in two different species, rodent and nonrodent, compounds showing 
unacceptable toxicity or with a too low safety margin are eliminated ( ; plain red arrow) or progressed into 
human healthy volunteers if fulfilling all preclinical safety criteria ( ; plain green arrow). Alternatively or in 
addition to early in vitro testing, in silico assessment may be performed ( ), and structures that are not pass-
ing predefined criteria may be either rejected ( ) or eventually tested in vitro for confirmation or invalidation 
of toxicity ( ) and follow steps 2 and 3 as previously. When there is enough confidence into predictive algo-
rithms, compounds may skip the in vitro step, but will obligatory be tested in animals ( ) before being tested 
in humans ( ). All experimental data and knowledge acquired through actual testing can be used to refine and 
retrain the early in silico models ( ) that should constantly improve in sensitivity and specificity, that is in 
predictivity. Green arrows indicate positive progresses, red arrows symbolize rejection of potentially hazardous 
compounds, blue arrows represent knowledge feedback, and dotted arrows represent optional steps
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poorly detectable by classical blood-borne biomarkers [15]. Next 
finding in line, fat vacuoles in hepatocytes, follows more or less the 
same principle. Such a finding in isolation would not stop the 
development of a compound, especially if the safety margin [16] 
between the lowest dose inducing hepatocyte hypertrophy and the 
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Fig. 2 Liver findings found in the eTOX database of about 8000 preclinical studies from about 1800 compounds 
and drugs. These studies include various routes of administration and a wide range of dosing duration, from 
5 days to 2 years, with 28 days studies being the most represented. (a) Top ten findings for all preclinical spe-
cies in the DB (mostly rat, followed by dog, monkey, rabbit, mouse, …). Liver is ranking first with close to 700 
compounds recorded with at least one treatment-related hepatotoxicity event. (b) Top ten type of treatment- 
related hepatotoxicity findings for all species. Hypertrophy ranking first can only be detected by histopathology 
and usually does not lead to release of biomarkers in bloodstream
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pharmacological dose is comfortable, depending on the disease 
indication. The duration of treatment foreseen in clinic and the 
reversibility of the finding in animals is also extremely important 
when deciding to progress or not. For example, the exaggerated 
accumulation of phospholipids (phospholipidosis—PLD) in 
 hepatocyte lysosomes is both relatively common and not seen as 
adverse on its own. However, if found in several organs or in key 
organs such as brain or heart at high density, PLD may create con-
cerns. Associated with liver enzyme elevation but without other 
noticeable adverse events like hepatocyte necrosis, PLD would cre-
ate debates about its relevance and danger potential, or lack thereof. 
Again the therapeutic index as well as the severity of the indication 
may grant a continued development of the molecule or not [16]. 
In addition, all drug metabolism and pharmacokinetic (DMPK) 
parameters have to be taken into account and can widely vary from 
species to species, including within human where the genetic het-
erogeneity introduces further predictability difficulties. DMPK has 
solved most of the metabolism-related hurdles over the past couple 
of decades, including tackling species-specific liver metabolism, 
potentially leading to either toxic or reactive drug metabolites. 
Further details can be found in these excellent reviews [17–20]. 
Overall, hepatotoxicity in animal studies ranges from clear cut 
adverse toxicity to a grey zone of borderline events which require 
case by case expert judgment in order to progress or stop the 
development of compounds. Hence, even if a mild hepatotoxicity 
signal is indeed detected during the preclinical phases, a compound 
bearing some toxicity potential may be progressed, especially if the 
toxicity can be monitored and/or mitigated in human.

The assessment of hepatotoxicity in preclinical species is rou-
tinely evaluated through a combination of measurements of plasma 
hepatic biomarkers and by tissue histopathology at the end of the 
study [21]. This assessment efficiently detects the direct (i.e., 
intrinsic) toxicity of compounds or of their metabolites. If bio-
markers are roughly the same and identifying similar toxicity types 
in human and in animals [22], there are very few opportunities to 
directly assess morphological alterations in human biopsies. This is 
somehow hindering the ability to learn from clinical cases and 
makes the systematic assessment of human relevance very difficult. 
Nonetheless, this intrinsic toxicity of compounds to liver (e.g., to 
hepatocytes—necrosis, apoptosis, phospholipidosis, steatosis, 
hypertrophy, hyperplasia, preneoplastic transformations; to Kupffer 
cells—necrosis, senescence, downregulation; to sinusoidal cells—
necrosis, apoptosis, proliferation; to cholangiocytes and the hepa-
tobiliary system—intrahepatic and extrahepatic cholestasis, 
hypertrophy, hyperplasia; to stellate cells—activation and fibrosis 
induction) is thoroughly managed during preclinical and clinical 
development. The search for new biomarkers of hepatotoxicity, 
more translatable, more sensitive, more specific or prodromal is 
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now yielding a whole array of possibilities [21, 23], from which the 
micro RNA 122 (miR122) is one of the most promising [24]. 
However, currently only the classical Liver Biochemical Tests are 
routinely used, but are known to be neither specific, nor sensitive, 
nor prodromal. Alanine aminotransferase (ALT) for example can 
be released by a large number of other organs than liver [25] or its 
plasma concentration even increased by reduced Kupffer cell clear-
ance unrelated to any toxicity event [26, 27]. Thus, even well 
established and validated liver biomarkers cannot be fully trusted.

When only one out of two preclinical toxicology species shows 
signs of hepatotoxicity, the question of species-specific mechanisms 
and human relevance needs to be asked, often supported by inves-
tigative studies [28], eventually allowing some compounds to 
progress despite being associated with liver safety signals. In addi-
tion, it is not infrequent to observe liver signals out of one animal 
in a group of ten, leading to statistically nonsignificant variations. 
Besides, these odd cases are not always in the highest dose group 
rendering its relationship to treatment questionable. This kind of 
case is always puzzling and broadly ignored until and unless some 
events in clinic may force one to reconsider the significance of iso-
lated single animal signals in preclinical studies. These may be just 
meaningless coincidences or represent a hint of idiosyncratic-like 
toxicity. The paucity of the literature regarding possible links 
between human idiosyncratic DILI and individual animal sensitiv-
ity to a compound tends to highlight the lack of possibility to 
extrapolate from one to the other.

These considerations are true for both small chemical and bio-
logical entities. For the latter however, the choice of the preclinical 
species is of particular importance since the target specificity of 
biologics is usually very high and may lack efficacy in classical 
rodent and nonrodent species (ICH S6 guidance; www.fda.gov/
downloads/drugs/guidancecomplianceregulatoryinformation/
guidances/ucm074957.pdf).

In summary, compounds inducing frank intrinsic liver toxicity 
(biomarkers elevation combined with histopathological findings 
proportional to dose exposure) in preclinical animal species are 
readily eliminated and not progressed further. However, there are 
multiple case configurations where the whole data package gener-
ated in preclinical studies and overall expert assessments (in vitro 
off-target profiles, in vitro cellular assays, in vivo toxicology and 
DMPK studies, consideration about reversibility of findings, moni-
torability of toxicity in clinical trials, indication severity, unmet 
medical needs and safety margins) are necessary to take decision 
about further progression of compounds. All these parameters are 
necessary to reply to the five key questions as defined by Kramer 
et al. [29]: (1) what is the safety margin, (2) is the toxicity revers-
ible, (3) is there a biomarker, (4) what is the mechanism, and (5) 
what is the relevance of the finding to humans. Finally, absence of 
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any signal in preclinical species certainly increases the chances of 
dealing with a safe future drug, but does not guarantee its innocu-
ousness in human.

Ideally, drug developers would prefer to eliminate compounds 
bearing intrinsic DILI before animal studies in order to increase 
compound selection quality and concentrate as early as possible on 
“liver-optimized” chemical series. Identifying potential toxicity 
liabilities before actually testing compounds in vivo can arguably 
be called predictive toxicology. According to the Webster diction-
ary, to predict means “to declare or tell in advance.” The same 
dictionary also tells us that “prophesy” is synonymous to “predic-
tion,” but takes care to differentiate the terms. “Prophesy usually 
means to predict future events by the aid of divine or supernatural 
inspiration,” while “To predict is usually to foretell with precision 
of calculation, knowledge or shrewd inference from facts or experi-
ence.” The latter definition is precisely what predictive toxicology 
is about and acquisition of large amount of high quality data 
(knowledge and facts) is necessary for prediction (precision of cal-
culation), as well as the expert knowledge for interpretation of data 
by experienced toxicologists (knowledge and shrewd inference). In 
actuality, “prediction” in this context is more about determining 
the rank order probability for one compound to induce a specific 
event, compared to a number of other chemicals belonging to the 
same chemical space. Two different approaches are used and devel-
oped: (1) compilation of data and/or knowledge into in silico 
algorithms to predict potential toxicity, and (2) the use of cellular 
assays in vitro to predict in vivo toxicity and eventually to feed in 
silico algorithms with standardized numerical data.

Several in silico approaches can be used to establish predictive 
algorithms, and not being exhaustive here, further details can be 
found in these thorough didactic reviews [30, 31]. Compound 
pattern recognition using publicly available data [32], structural 
alerts based on structure similarities and known in vivo outcomes 
[33], and quantitative structure–activity relationship (QSAR) [34], 
are likely the most popular. The one common ground to all 
approaches is the necessity of obtaining standardized good quality 
data in large quantity enough to both ensure the specificity of the 
prediction (enough training data set within the chemical space of 
the query) and accuracy (correct data details within that chemical 
space). This is undeniably an issue for several reasons: first, publicly 
available data are not standardized, each laboratory using their 
own internal procedures, always ever so slightly differing from the 
next institution; second, published data are not systematically qual-
ity checked in a thorough way leading to an alarming lack of repro-
ducibility [35] and therefore to questioning of the accuracy or 
even worst, the legitimacy of the data; and third, data in the public 
domain are mostly not in the current druggable chemical space 
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that the pharma industry is using. To palliate some of these lacks, 
the outcomes of some welcomed initiatives are now accessible, like 
the SWEETLEAD database  (https://simtk.org/home/sweet-
lead) [36]. This repository contains curated data of chemical struc-
tures, e.g., a number of accurate chemical descriptors of marketed 
drugs and of a good amount of chemicals classified as nontoxic. 
Associated toxicology data are not in this chemical structure repos-
itory and these have to be found elsewhere and reassociated to 
each structure. This next step would be a colossal endeavor as cor-
responding accessible in vivo data would have to be fetched from 
various sources, mostly within summaries of published clinical tri-
als available through various health authorities websites, either 
directly reachable or upon request for a specific project [37–39]. 
In any case, the most standardized in vivo data, run under Good 
Laboratory Practices (GLP) are the privately owned preclinical ani-
mal toxicology study reports, hence not available to the public sci-
entific community. Fortunately, under the aegis of the European 
Innovative Medicine Initiative (IMI—www.imi.europa.eu), the 
eTOX consortium has collected undisclosed preclinical data of 
about 1800 chemical structures with a mix of compound stopped 
during preclinical and clinical phases, as well as of marketed and 
withdrawn drugs. This database has the advantage of getting 
together chemical structures and toxicology data overlapping with 
the druggable chemical space (World Drug Index database), ascer-
taining its relevance for drug development (Fig. 3). Unfortunately, 
the eTOX database is far from being exhaustive compared to all 
drugs ever marketed and even less compared to all compounds 
ever tested in animals, but is nonetheless most likely the largest 
database of its kind. Using these relevant data after normalization 
of terms (ontology-related issues to be found here [40]) for the 
building of predictive algorithms should yield the most trustable 
algorithms, but will still need to pass a number of validations before 
being accepted [41].

In summary, the few in silico algorithms existing for the pre-
diction of liver toxicity are not routinely used in the pharma indus-
try for all the reasons said above. Algorithms for “simpler” 
calculation, like hERG inhibition, are demonstrating the possibil-
ity of their use in drug development, but more complex predic-
tions are not yet ready for application. Even if all conditions, 
including large amount of reliable quality data were available, the 
last and perhaps worst hurdle would remain: knowing that a com-
pound will be liver toxic (however defined) is just not enough; a 
safety margin above the pharmacological dose is the essential 
knowledge to take a formal decision to stop or progress a com-
pound. Consequently, in vitro assays where a therapeutic index, 
i.e., the efficacious dose in a cell system versus the toxic dose in the 
same or a similar cell assay, can be calculated have largely been 
privileged so far to eliminate the “bad” compounds.
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However, in vitro assays to eliminate those compounds that 
would directly hit hepatocytes have been used with more (acute 
toxicity) or mostly less success (chronic toxicity—the one of 
 greatest interest). Until recently such in vitro assays were as 
straightforward as measuring cytotoxicity concentration 50 (CC50) 
on cells lines easy to cultivate like HepG2, with the hope that such 
a simplistic approach would somehow reflect in vivo hepatotoxicity 
potential [42]. Increasing the complexity of the endpoints for mea-
suring cytotoxicity, like calling upon mitochondrial swelling or 
lysosomal mass or any other cellular features consequential to cell 
death, is only adding to data analysis difficulties, but does not 
improve the irrelevance of the final endpoint: cytotoxicity. There 
are multiple reasons why this did not work and cannot work, rang-
ing from the difficulty to extrapolate in vitro drug concentration 
and exposure in vivo, to lack of cell-, organ-, humoral- and 
hormonal- interactions, and mostly, lack of proper hepatocyte 
biology. Many more reasons have been largely discussed elsewhere 
[43–47], but it should finally be kept in mind that isolated hepato-

Fig. 3 The eTOX chemical space coverage overlapping the World Drug Index (WDI—www.daylight.com/prod-
ucts/wdi.html) which contains the structures of all marketed drugs worldwide (about 80,000 compounds). PCA 
plot using above 100 chemical descriptors representation, with a zoom-in in the most populated area. Blue 
crosses: WDI structures, red dots: eTOX structures
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cytes do not constitute a liver. Refined assays have been developed 
over the years, either using less aberrant cells than HepG2s, e.g., 
HepaRG, primary hepatocytes or stem-cell derived hepatocyte-like 
cells in various culture configurations [46–50]. There is still no 
strong evidence that more elaborate systems would actually be able 
to predict intrinsic DILI, but there is certainly an impressive weight 
of evidence that combination of cocultures (e.g., with Kupffer 
cells, endothelial vascular cells or any nonparenchymal cell combi-
nation), addition of extracellular matrices, 3D configuration and 
fluidics movement of medium, all greatly improves the functional 
biology of hepatocytes in culture, and perhaps brings such systems 
closer to an in vivo liver [48, 51–58]. A number of functional 
assays which endpoints can be assessed or quantified by high con-
tent imaging are possible and already used for mechanistic under-
standing of cell toxicity [59, 60]. It is quite clear that compounds 
inducing cholestasis in vivo would not be detected by a cytotoxic-
ity test in vitro, but rather by a functional assay in hepatocytes 
looking at the inhibition of canaliculi transporters. It is therefore 
quite possible that optimizing conditions for proper hepatic biol-
ogy with elaborated and functional endpoints may lead toward 
in vitro assays that will be at least in part able to identify com-
pounds with potential hepatic toxicity. It is still too early to assert 
if any of these elaborate functional liver-like systems will be used 
for safety assessment and if decisions can be made from them with-
out running ulterior in vivo studies [61] as can already be done for 
skin irritancy [62]. Certainly a level of standardization for compari-
son of performance and reproducibility from one laboratory to the 
next, will be necessary. Here again, consortia like MIP-DILI run-
ning under the IMI umbrella should help defining which bunch of 
assays is the most adapted to drug development needs and what 
level of standardization needs to be achieved [63].

Human primary cell sources will remain a practical limitation 
for extensive use in safety assessment. Also, donor to donor varia-
tions introduce the need to test compounds not just once in tech-
nical replicates but also with multiple donors to assess the biological 
variations, or the “responsiveness” of various donors. This is both 
an advantage and disadvantage since it increases the quality of the 
assessment but also the workload and associated costs. Another 
avenue which may help these hurdles is the development of 
iPS- derived and/or adult stem cells-derived hepatocytes which 
could fix both the lot-to-lot variations and provide abundant cells 
supply. However, currently such cells are derived from an embry-
onic-like phase and do retain fetal characteristics which can be 
gradually improved with culture conditions and duration [64, 65], 
which may or not be of importance. Nonetheless, this approach 
can also open the door to screen compounds for certain genetic 
conditions by using diseased rather than healthy donors [66–68]. 
In addition, some cellular amplification can be obtained through 
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liver- humanized mice [69]. This may not be quite the whole 
 requirements for idiosyncratic investigations, but is certainly get-
ting closer to real life conditions.

As opposed to intrinsic liver toxicity which is dose and time depen-
dent, hits all individuals, and is often predictable from one species 
to the next, idiosyncrasy results from a unique combination of 
genetic background, gender, ethnicity, age, lifestyle and hygiene, 
diversity of microbiome, environmental stress and pollution, pre-
existing diseases and comedications [9, 11, 23, 70]. The category 
“genetic background” is a collection of physiological traits such as 
endogenous metabolism, xenobiotic metabolism, polymorphism, 
genetic mutations, genetic variations such as SNPs, and of course 
the variability of the immune system and the various haplotypes 
susceptible to react to neoantigens [11, 70]. Clearly, such cases 
cannot be tracked in classical animal studies with homogeneous, 
inbred, young, healthy animals with an equilibrated food regimen 
and standardized “lifestyle”. Developing approaches where either 
old animals, diseased animal models, outbred species, increasing to 
a very large number of animals per group or any other ways to 
mimic patient diversity is laudable but unrealistic in a screening 
mode. Unambiguously, the multiplicity of combination is just too 
large for tempting reproducing all the possibilities and would cost 
too much time, number of animals, resources and compound vol-
ume needed for testing and would engender endless model valida-
tions. In addition, the clinical identification of idiosyncratic DILI 
is not straightforward, leaving the build of corresponding preclini-
cal models somewhat challenging. The link of causality involving a 
drug to a liver abnormality in a diseased population often largely 
medicated, cannot be always clearly established [10, 23]. It cannot 
be ignored that a large number of unexpected DILI also comes 
from “traditional” herbal remedies [10] that patients may take as 
self-comedication and forget to make mention of it to their physi-
cians. This and other factors, like underreporting alcohol con-
sumption, may lead to difficult data interpretation, rendering 
preclinical strategies to address idiosyncratic DILI particularly dif-
ficult. Normalizations of intrinsic and idiosyncratic DILI diagnos-
tics have been established such as the RUCAM causality assessment 
[10]. These kinds of initiatives will help better characterization and 
learning out of DILI, enabling efficient classification of liver toxic-
ity events, and perhaps reverse translatability to animal data.

Currently, the pharma industry does not possess the means to 
evaluate, detect and eliminate compounds with idiosyncratic DILI 
potential. Therefore, until a practical solution(s) is found for the 
prediction of such cases, there will be new cases of idiosyncratic 
toxicities with future new drugs. However, large efforts are made 
in this direction, either in large consortia, in private institutions 
or in biotechs. Approaches taken are multiple, from in silico 
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algorithms to complex in vitro systems, to humanized liver animal 
models. In vitro cellular assays are akin to those described in Sect. 2.2, 
but entirely dedicated to human systems and their  peculiarities. 
However, recreating circumstances needed to generate idiosyn-
cratic conditions seems very unlikely if not simply impossible. In 
silico algorithms greedy of large volume of accurate information 
cannot rely on such in vitro systems suspected of being irrelevant 
as an information source, and therefore will need to feed on sparse 
identified human cases. Consequently, it will likely require many 
more years of data collection and idiosyncrasy understanding 
before being truly applicable. Hence, some hopes are turning to 
humanized animal models. Indeed, relatively recent and remark-
able technical breakthroughs have allowed the creation of mice 
bearing humanized liver [71–74]. Several methodologies have 
emerged permitting mice to support up to 95% of human hepato-
cytes in replacement of their own, and may remain alive for many 
months [75]. This is needed for chronic treatment from which 
most liver toxicities are dependent, and particularly the immune- 
mediated ones. Such models allow the detection of human-specific 
liver toxicity with the advantage of producing in vivo and in situ 
human specific metabolites and follow human liver biology. As a 
consequence, any human-specific intrinsic DILI not detected in 
classical animal studies should be sizeable in these humanized ani-
mals [76]. However, despite the advantages of this human com-
partment, everything else remains murine and particularly the 
immune system, or what is left of it since all models use immuno-
compromised animals in order to tolerate the human cells [71–73]. 
On the other hand, humanized mice for immune cells already exist 
[74, 77] and it is only matter of time before usable mouse models 
combining both humanized liver and immune system emerge. 
Some attempts in that direction are already published [72, 78], but 
difficulties remains substantial, particularly if one wants both cell 
compartments from the same or compatible donors [72, 79]. 
Thorough validation of their predictive value will have to be done 
before triggering a large use in the pharma industry. In addition, 
the current cost associated with the use of these mice remains far 
too high to use in routine screening and can be used only for 
mechanistic investigations for the time being. With time and larger 
use, the cost may fall but the production rate of these complex 
models may then become limiting.

In summary, the idiosyncratic toxicity detection problem is 
unlikely to be quickly solved by using wet experimental approaches. 
Likewise, dry or in silico methodologies using knowledge from the 
understanding of how these cases happen in human, seem possible 
but still remote. Extensive additional knowledge will be necessary 
before it becomes reality, some of it potentially coming from “big 
data” collection (see Sect. 2.5).
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In vitro “black box” systems like measuring cytotoxicity without 
knowing why or how cells are dying and if it may correspond to 
anything possible in vivo, does not yield much added value. Even 
if a serendipitous statistical correlation happens between the CC50 
ranking order of a chemical series and the in vivo hepatotoxicity 
potency, the lack of understanding of how this statistical correla-
tion could translate into a biological relationship, very certainly 
means a one-off lucky outcome that may never repeat. Only the 
understanding of mechanisms of toxicity may allow the conception 
of better, more functional assays incorporating the right conditions 
to let emerge a cellular alteration similar to those observed in vivo. 
An astute reader would argue that therefore, a prior in vivo knowl-
edge, or at least a detailed description of in vivo hepatotoxicity, is 
needed before building a mechanistic in vitro system. Henceforth, 
such assays would not be able to predict toxicity, but only mimic it 
after the knowledge has already been generated. In addition, if a 
compound has already been tested in vivo, it seems superfluous to 
test it in a less relevant and somewhat artifactual in vitro arrange-
ment. This is certainly right, but absolutely necessary to progress 
efficacious management of preclinical toxicities. Efforts have to be 
conceded by drug makers to elaborate afterward in vitro mechanis-
tic assays that will help both the understanding of in vivo findings 
and the building of predictive screening for future chemical series. 
In vitro assays that recapitulate at least in part a relevant biology 
trait can be used to identify future compounds affecting this fea-
ture. It is only by understanding how drugs can induce cholestasis 
in vivo that in vitro cholestatic-like assays can be elaborated. 
Therefore prior in vivo knowledge is applied to in vitro assays for 
future screening out potential cholestatic drugs. Likewise, when a 
lead compound is displaying hepatotoxicity in vivo and an assay 
can be devised to mimic this toxicity, backup compounds may be 
triaged in vitro, using the lead compound as positive control and 
benchmark for the selection of the best backup [28]. This method-
ology which could be called “transparent-box assay strategy,” leads 
however to an unavoidable difficulty which is the multiplicity of 
assays, each corresponding to optimized conditions for each spe-
cific type of identified liver toxicities. This is again conducting to 
high resources demands if used routinely, especially since this 
scheme cannot be limited to liver only.

This line of attack also means sizeable investments to charac-
terize and unravel in vivo toxicity mechanisms. Indeed, the simple 
description of a toxicity event as thorough as it can be, is not 
enough to determine if it is linked to on- or off-target, what cel-
lular compartment would be the initial culprit or victim, what 
would be the initiating molecular event and the whole cascade 
conducting to an adverse outcome. For a number of years, both 
individual initiatives and consortium organizations have produced 
large amounts of data, mostly using gene expression analysis [80], 
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but also using various tools to knock-down/out or knockin spe-
cific genes [81–83], run large genetic-linked analyses in human 
[84], and more recently studying the important role of epigenetics 
imprinting [85, 86]. Compilation, organization and visualization 
of these large amount of data is also key for a proper use and several 
open access resources are now available such as the FDA Liver 
Toxicity Knowledge Base (LTKB) [87], knowledge-based like the 
OECD-driven Adverse Outcome Pathways initiative (AOP—
http://aopkb.org), or epigenome data like the International 
Human Epigenome Consortium Data Portal (IHEC—http://
epigenomesportal.ca/ihec) [88]. To a large extent, this has yielded 
novel insights into toxicity mechanisms, as well as hints for the 
molecular basis of species specificity [89, 90], which are key for 
assessing the translatability of data. In a way, this also often leads to 
a more relevant choice of nonrodent second species for the in vivo 
assessment of drug candidates.

Data generated in transparent-box assays in vitro can be used 
for elaborating predictive algorithms based on biological under-
standing and not just on statistical correlations. There are still no 
evidences that such algorithms are predictive, but if they turn out 
to be, one can argue that they will be predictive of in vitro assays 
and not of real in vivo findings. That is why algorithms that com-
bine both in vitro and in vivo data should have more chances to 
achieve a good predictivity [91, 92].

Overall, mechanistic toxicology is an area that necessitate a fair 
investment but also yields indispensable knowledge for the build of 
both in silico algorithm and relevant in vitro cellular assays for the 
selection of best lead compounds [28].

As seen earlier, one of the main issues for predictive toxicology is 
the collection and access to enough relevant and quality data into 
the drug able chemical space and associated preclinical and clinical 
data, to ensure prediction with precision of calculation, knowledge 
or shrewd inference from facts and experience. Therefore, the 
recent advent of the possibility to collect a very large amount of 
health-related data should be a great opportunity for predictive 
toxicology [93, 94]. Three broad different categories of these data 
can be defined: (1) scientific, (2) post-marketing safety, and (3) 
general population sports-like data.

The stunning technology progresses in scientific data genera-
tion such as gene and RNA sequencing, and epigenetic profiling of 
large human population samples is creating on its own a category 
of big data, that will influence our knowledge and how we will 
have to handle personalized medicine and safety [93, 95]. This 
type of data is only starting to amass, but it is expected to very 
rapidly grow exponentially. These data will have to be turned into 
knowledge which is done by expert scientists with the support of 
ever more innovative bioinformatics tools. Some time will be 
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needed to have a positive impact on predictive toxicology, but 
there are little doubts that it will happen and may change the future 
of personalized safety assessment [96].

Post-marketing safety and health data collections are of another 
nature and represent a large and yet still underused sources of 
potential knowledge for the understanding human-specific DILI 
biological mechanisms [97]. Each country has arranged large pub-
lic health records collections. Exploiting these data is delicate as a 
lot of various data types are gathered, sometimes not fully orga-
nized or standardized, as well as with a fair amount of background 
noise that will be very strenuous to sort afterward [98, 99]. Various 
systems are being used not only from one institution to another, 
but also within the same organization leading to a great lack of 
interoperability [100]. In addition a number of ethical issues may 
hinder data access [98, 101, 102]. Nonetheless, considering that 
these health records are from real situations, i.e., human popula-
tions treated on a large scale with marketed drugs and facing all the 
diversity met in real life conditions, these data sources should be in 
the heart of data collection and analysis for the good sake, among 
many others aspects [103–105], of predictive safety [103, 106]. 
Indeed some attempts of cross-country harmonization are on their 
way [107, 108].

The large use of public health trackers devices, such as con-
nected watches and other such contraptions permanently moni-
toring “health” data, is generating exponential data volume that 
theoretically, should bring undefined additional knowledge about 
the impact of medication on human health. The main issue using 
these data will be triaging out the yet undetermined volume of 
polluting background noise intertwined into the informative fig-
ures [109, 110]. On one hand, these devices record “health” 
data in real and continuous time, and at an ever growing rate 
fulfilling the need for human related data in very large amount. 
On the other hand, this is done in an uncontrolled manner, accu-
mulating tremendous amount of unwanted background noise. It 
is still unknown how these data can and will be used, misused or 
abused [111].

3 Conclusion and Future Directions

Compound-induced intrinsic liver toxicity is readily detected in 
animal preclinical studies at a reasonable high rate. Some cases of 
human-specific intrinsic toxicity may be missed in animal studies, 
especially with biological drugs, but should be detectable in more 
elaborated in vitro human cell-based assays. Altogether, in vitro 
animal and human cellular assays should be able to identify com-
pounds bearing potential liver toxicity before running animal 
 studies and therefore have a true impact on the 3Rs. However, in 
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some cases compounds with liver signals can be knowingly pro-
gressed especially when beneficiating from a large safety margin, 
reliable toxicity biomarkers, reversibility of adverse events, or evi-
dence for adaptive rather than adverse outcomes. In other words, 
some intrinsic liver toxicity can be managed and mitigated when 
identified and relatively well characterized. Prediction of how these 
compounds will behave in human should be in theory relatively 
easy from data and knowledge generated in vitro and in vivo before 
moving into clinic. This intrinsic toxicity even if human specific, is 
not so much of an issue as opposed to idiosyncratic toxicity which 
is basically by definition, unpredictable. New types of data, coming 
from:

 – In vitro physiologically relevant cellular assays,
 – In vivo humanized models,
 – Systematic genetic and epigenetic information, especially the 

one related to the immune system variations,
 – Yet underused sources of information like electronic health 

records
 – New sources of data like the “big data” collected from public 

use of connected health monitors despite its messiness,

should allow the elaboration of in silico algorithms usable in drug 
development. Overall, if not yet in systematic use in the pharma 
industry for all the abovementioned issues, in silico algorithms 
should constitute the spearhead of toxicity prediction. Possibly, 
elaborated humanized animal models will, in some undefined 
future, allow the detection of the most common of the uncommon 
idiosyncratic toxicities.

The following chapters of this book will go into further details 
about approaches for developing predictive algorithms, 
“transparent- box cellular assays” development and use, emerging 
liver biomarkers in clinic, the difficulties to establish the causal rela-
tionship drug-liver toxicity in clinical trials and many more aspects 
of DILI. All these following chapters illustrate one of the most 
difficult tasks to come for in silico predictive algorithm moving 
forward. This will be to transition from the paucity of relevant and 
usable information of the recent past, to the ability to gather, sort 
and use overwhelming volumes of pertinent but heterogeneous 
data in the very near future.
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Chapter 3

Drug-Induced Liver Injury (DILI) Classification  
and Its Application on Human DILI Risk Prediction

Shraddha Thakkar, Minjun Chen, Huixiao Hong, Zhichao Liu,  
Hong Fang, and Weida Tong

Abstract

Drug-induced liver injury (DILI) is one of the primary reasons for drugs being terminated in premarket 
studies or being withdrawn from the market after approval. Many new methodologies have been examined 
to improve DILI prediction, including high-throughput/high- content screening assays, in silico 
approaches and toxicogenomics, all of which rely on a truth set of drugs with well-defined DILI potential. 
However, defining a drug’s DILI risk is on varying interpretations, leading to differing classification 
schemes. Even when the same drug list is employed, variability in scheme affects predictive variables and 
models which lead to disparate risk prediction. Each model imbeds truth and knowledge in a different 
manner and context. An integrative approach melding models and variables should yield a system with 
enhanced prediction accuracy and better characterized mechanisms of action. Toward such an integrative 
predictor, we present four different classification schemes, i.e., an FDA labeling data-based approach 
(DILIrank dataset), a clinical evidence-based approach (LiverTox dataset), literature- based approaches 
(Greene and Xu datasets), and a registry-based approach (Suzuki dataset). Comparative analyses showed 
good general agreement between these approaches, with the most substantial difference observed between 
in silico models for drug-centric classification methods (i.e., drug-labeling and literature based approaches) 
versus clinical evidence-based methods (i.e., case reports and registry based approaches). The results sug-
gest that substantial benefits can be obtained by consolidating various classification schemes to generate a 
larger dataset imbedding more diverse knowledge, and especially the new data streams from emerging 
technologies.

Key words Drug-induced liver injury, Risk assessment, DILI classification, Rule-of-two model, 
DILIscore model

1 Introduction

Safety contributes significantly to drug attrition [1, 2]. Safety issues 
in both preclinical and clinical stages of drug development are a 
formidable challenge, especially at the lead optimization and the 
early clinical development stages [3]. DILI (Drug-Induced Liver 
Injury) is one of the key drug safety issues, which is a frequent 
cause of regulatory action such as “Black Box Warning” or denial 
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in approval [1]. Currently animal models are not effective enough 
in prediction of DILI risk in humans, evident by the fact that close 
to 50% of drugs failed in the clinical trials due to hepatotoxicity are 
not detected by these animal models [4]. Therefore, significant 
efforts are needed to bridge the gap and to reduce DILI risk for 
humans and improve upon early detection of DILI.

Meanwhile, recent changes in toxicology discipline reveal a 
paradigm shift in increasing the efforts to develop alternative meth-
ods with emerging technologies for safety assessment. These 
include high throughput in vitro methodologies, in silico 
approaches and toxicogenomics, which provide a better under-
standing of mechanism of action and enhances safety related assess-
ments [5]. Several large-scale studies made in this regard are Tox21 
[6], ToxCast [7], and EU activities under the REACH initiative 
[5] that aim to evaluate the utility of the emerging technologies for 
the toxicity assessment. In vitro techniques use both high- 
throughput and high-content screening methodologies to record 
the cellular responses of multiple drugs and chemicals. In silico 
methods have been developed to predict potential toxicity based 
on the chemical structures of compounds. Toxicogenomics exam-
ines the gene activities following chemical exposure to understand 
the molecular mechanisms of toxicity. These methodologies usu-
ally involve a training-validation process. Specifically, a predictive 
model is constructed first based on a list of compounds (training 
set) with known outcomes (e.g., DILI-positive and DILI-negative), 
which is followed by a validation step where the model is chal-
lenged using an independent list of compounds (test set) with 
known outcomes to assess its validity. As depicted in Fig. 1, a refer-
ence list with a large number of compounds with known outcomes 
was used as a foundation to successfully employ these in vitro and 
in silico methods. Therefore, a reference drug list with clear and 
well-defined DILI classification is important for the development 
of predictive models utilizing emerging technologies.

DILI classification is to divide drugs into either binary (e.g., 
DILI-positive or DILI-negative) groups or ordinal classes (most-, 
less-, and no-DILI-concern). However, assigning a drug as either 
positive or negative for liver injury is a challenge [6]. This is largely 
due to the fact that DILI is often associated with a low incidence 
(particularly in the study of marketed drugs) but with a wide range 
of severity and different injury patterns. In addition, causality of 
liver injury (i.e., incriminating the drug for DILI) is frequently 
difficult to ascertain due to multiple reasons, e.g., comedication, 
alcohol consumption, preexisting liver disease etc. Therefore, 
determining the extent of DILI risk for a drug is somewhat subjec-
tive and often based on how we weigh frequency (i.e., how many 
incidences deemed significant?), causality (what is the likelihood of 
incriminating a drug for DILI?), and severity (how serious the liver 
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injury is?) [8]. Using different data sources, (e.g., the number of 
case reports [8–12] or FDA approved-drug labeling [8, 13]) and 
weighing differently on each of these factors could vary the assign-
ment of DILI classification to the same drugs. In this paper, we 
first summarize the four different DILI classifications within five 
reported large DILI datasets (n > 200). We then conducted com-
parative analysis between these classification schemas and demon-
strated the variability in classification on the model prediction by 
applying our DILIscore model (a quantitative predictive model for 
DILI severity).

2 DILI Classifications

Table 1 summarizes five DILI classification datasets for human 
hepatotoxicity including >200 drugs. The DILI classification of 
all the datasets was for DILI severity assessments (not for injury 
patterns or disease types). DILIrank has the largest size, which 
overlapped significantly with other four datasets; the number of 

Fig. 1 Development and performance of a predictive model for assessing the human DILI risk depends heavily 
upon the accuracy and consistency of the DILI classification. DILI classification differentiates drugs as DILI 
positive (drugs that can cause liver injury) and DILI negative (drugs that have not revealed signs of liver injury), 
and used to identify mechanistic parameters using emerging methodologies for DILI prediction. Emerging 
technologies used for DILI prediction included, but are not limited to, in vitro methods (e.g., High Content 
Screening and High Throughput Screening assays), and in silico methodologies
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overlapped drugs was shown in the third column of the Table 1 
and Fig. 2. Most analyses reported in this paper were applied only 
to the overlapped drugs unless specially mentioned.

Table 1 
Various DILI classification datasets

DILI 
classification 
datasetsa

No. of 
drugs

No. of drugs 
overlap with 
DILIrankb

DILI evidence 
information

DILI classification scheme  
(the number of drugs in each 
category)c

DILIrank [8] 1036 1036 FDA drug labeling and 
DILI causality 
evidence

Four DILI-concern groups:
• vNo-DILI-concern (312)
• vLess-DILI-concern (278)
• vMost-DILI-concern (192)
• Ambiguous DILI- concern 

(254)

LiverTox [14] 663 493 (74%) Human DILI case 
reports

Five DILI likelihood levels:
• Category A (36); most likely
• Category B (68)
• Category C (87)
• Category D (108)
• Category E (195); least 

likely

Xu et al. [12, 15] 532 343 (64%) Literature evidence and 
DILI case reports

Two categories:
• DILI positive (196)
• DILI negative (147)

Greene et al. [9] 1266 325d (26%) Literature evidence and 
DILI case reports

Three categories
• Human hepatotoxicity (189)
• Weak evidence (50)
• No evidence (86)

Suzuki et al. [16] 385e 287e (75%) Case reports collected 
by large DILI 
registries

Three categories:
• General liver injury (157)
• Acute liver failure (87)
• Withdrawn or suspension for 

DILI (43)
aThe DILI classification datasets were complied from the supplemental tables associated with the original publications, 
including DILIrank [8], LiverTox [14], Xu et al. [12, 15], Greene et al. [9] and Suzuki et al. [16]
bThe number of drugs reported from each classification reflect only human data and that were approved from FDA 
before 2010
cThe number of drugs reported in each categories of all the classification are only the DILIrank subset
dDoes not contanin the compounds tested on animals
eReported list of drug that are hepatotoxic
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The DILIrank dataset contained 1036 drugs approved by the FDA 
before 2010 with classified DILI categories [8]. This classification 
was based on the FDA drug labeling documents and in addition, it 
also accounted for DILI causality evidence in literature. DILI cat-
egories were classified for the drugs as vNo-, vLess-, or vMost- 
DILI-Concerns while the drugs that could not be categorized in 
the above classification for the DILI concern was classified as 
“Ambiguous-DILI-Concern.” vMost-DILI-concern drugs are 

2.1 DILIrank: A Drug 
Labeling Based 
Approach

Fig. 2 DILIrank data set was generated using FDA drug labeling and DILI causality approach and contains the 
drugs approved by the US FDA before 2010. It also contains number of drugs from the other type of DILI clas-
sifications that are overlapped with DILIrank such as Greene (325 drugs), Suzuki (268 drugs), LiverTox (493 
drugs), and Xu (343 drugs). This analysis was done to understand the coverage of drugs from each database 
and overlapping with others. However, this analysis is independent of DILI classification assigned by each 
dataset. Besides DILIrank, other four datasets follow different approaches to identify DILI positive and DILI 
negative drugs and there is very little overlap (15.3%) between them. Greene and Xu classifications used simi-
lar approach and thus with the largest overlap (47.5%) while Suzuki’s and LiverTox method contain unique list 
of DILI drugs and non-DILI drugs (Those drugs were not identified by any other classification system)
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those drugs that were (a) withdrawn due to DILI, or (b) have 
“Black-Box Warning and Precautions” labeling section (192 
drugs). vLess-DILI-Concern drugs are those drugs that have DILI 
statements in “Warning and Precautions” labeling section that rep-
resents only mild indications or DILI indication present in “Adverse 
Reactions” section (278 drugs). For drugs recorded with DILI 
evidences in drug labeling (i.e., vMost- and vLess-DILI-Concern) 
were further verified for their DILI causality in literature, other-
wise they were classified as having “Ambiguous-DILI-Concern” as 
such drugs should be used with caution (254 drugs); whereas 
vNo-DILI-Concern indicates that there is no DILI indication pres-
ent in any of three labeling sections (i.e., Boxed Warning, Warnings 
and Precautions, and Adverse Reactions) and no litrature evidence 
available (312 drugs).

LiverTox database is a collaborative project between two institutes 
of National Institute of Health, i.e., National Institute of Diabetes 
and Digestive and Kidney Diseases (NIDDK) and National Library 
of Medicine (NLM) [17]. It contains information about DILI case 
reports from prescription and nonprescription drugs and are clas-
sified based on the likelihood of causing liver injury [14]. This 
likelihood takes into consideration how often a drug is responsible 
in causing liver injury based on the case-reports obtained from lit-
erature. Multiple individual case reports have been used to develop 
five point categorization of the DILI likelihood scores [14]. 
Category A represents the drugs that has >50 case reports demon-
strating liver injury (36 drugs), category B between 12 and 50 
cases (68 drugs), category C less than 12 case reports (87 drugs), 
and category D three or less case reports per drug (108 drugs). 
Category E represents the list of drugs that does not indicate sign 
of liver injury even after multiple years of usage (109 drugs). Since 
the categories were defined by number of cases, there are more 
patients reporting DILI related issues for drugs from category A in 
comparison with drugs from category D. Thus drug listed in the 
category A will have more chances of DILI likelihood in compari-
son with the other categories.

This dataset consists of DILI information from both human and 
animal studies, but only human data were used in this paper (shown 
in Table 1 column 3 and 5). The number of case reports in con-
junction with literature based evidence were used for human DILI 
classification of 325 drugs in Greene classification [9]. Drugs are 
classified into human hepatotoxicity (189 drugs) with weak evi-
dence (50 drugs) or no evidence (86 drugs) for DILI.

Classification from Suzuki [16] has consolidated the DILI 
information from major DILI registries, including the Spanish 
DILI registry, the Swedish adverse reaction databases and the DILI 
 network from USA. This classification system has identified 157 

2.2 LiverTox: 
A Clinical Evidence 
Based Approach

2.3 Greene 
Classification: 
A Literature Based 
Approach

2.4 Suzuki 
Classification: 
A Registry Based 
Approach
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drugs with general liver injury and 87 drugs with acute liver failure. 
Additionally, 43 drugs were identified as withdrawn or suspended 
due to concern for DILI.

Xu et al. [15] have classified 343 drugs based on the case reports 
and information available in the various literature. The drugs were 
classified as either DILI positive or negative. There were 196 drugs 
identified as DILI positive and 147 drugs identified as DILI 
negative.

3 Comparative Analysis Between Various DILI Classification Schemes

Each classification system mentioned above follows a set of 
approaches to identify drugs that have potential to cause liver 
injury or not. Specifically, DILIrank classifies the drugs based on 
the DILI information that was gathered during preclinical devel-
opment, clinical trials, approval, and postmarket study. The 
LiverTox classification is based on the clinical observation and con-
solidates the likelihood to cause the liver injury based on the fre-
quency and severity of clinical observation. Both Greene and Xu 
classifications are based on literature evidences and Suzuki is a reg-
istry based approach. Thus, comparative analysis from the various 
classification schemes was made to evaluate the variability across 
these five datasets.

The analyses were specifically focused on only those drugs 
from the four datasets that were present in the DILIrank. As shown 
in Fig. 2, the overlap of DILIrank with the other four datasets was 
in the following order of Suzuki (75%) > LiverTox (74%) > Xu 
(64%) > Greene (26%). The analysis was done to understand the 
overlap of the drugs across various databases and it was indepen-
dent of their DILI classification. The result indicates that combin-
ing all these five datasets could generate the largest reference list to 
support DILI studies.

As shown in Fig. 3a, concordance between DILIrank and 
LiverTox databases was consistent only for those drugs that over-
lap in the following categories (a) vMost-DILI-Concern of 
DILIrank and Category A of LiverTox (b) vLess-DILI-Concern of 
DILIrank and Category D of LiverTox (c) vNo-DILI-Concern of 
DILIrank and Category E of LiverTox. For example, 29 out of 36 
drugs (81%) are most likely to cause liver injury (Category A, >50 
Cases) as determined by LiverTox were also the vMost-DILI- 
Concern drugs in DILIrank. Similarly, 87 out of 108 drugs (81%) 
with lower likelihood to cause liver injury (Category D, 1–3 cases) 
by LiverTox were the vLess-DILI-Concern drugs by DILIrank. 
Additionally, LiverTox also identified the drugs which have been 
used extensively and does not contain any reported DILI case 
reports, of which 90 of 100 drugs (90%) were also identified as 
vNo-DILI-Concern drugs by DILIrank. The general trend of 

2.5 Xu Classification: 
A Literature Based 
Approach
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overlap by DILI severity is apparent between the two databases. 
The comparisons of DILIrank dataset with the Greene dataset 
reveal concordance (Fig. 3b). There were overlap in the following 
categories (a) vMost-DILI-Concern and vLess-DILI-Concern of 
DILIrank compared to Human Hepatotoxicity of Greene (b) 

Fig. 3 (a) Comparison of DILIrank with LiverTox database (i.e., the labeling based classification against the 
clinical report based classification). (b) Comparison of DILIrank with Greene classification (i.e., the labeling 
based classification against a literature based approach). (c) Comparison of DILIrank with Suzuki classification 
(i.e., the labeling based classification against the clinical report based classification). (d) Comparison of 
DILIrank with Xu classification (i.e., the labeling based classification against the literature based 
classification)
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vLess-DILI-Concern of DILIrank compared to weak hepatotoxic-
ity of Greene (c) VNo-DILI-Concern of the DILIrank compared 
to no hepatotoxicity of Greene. For example, 50 out of 63 drugs 
(79%) have no evidence of causing liver injury were also found to 
be in the category of no-DILI-Concern drugs in DILIrank. 
Similarly, 36 out of 39 drugs (92%) with weak evidence of hepato-
toxicity based on literature evidence are also defined as vLess-DILI- 
Concern by DILIrank. The Human hepatotoxicity classification of 
Greene, demonstrated the overlap with vLess-DILI-Concern cate-
gory (39%) as well as vMost-DILI-Concern category (54%). Of 
note, Greene classification reports that all the drugs are hepato-
toxic to humans in the human hepatotoxicity category, irrespective 
of the severity of the classification. However, majority of drugs 
from Human Hepatotoxicity category (86 out of 158 drugs) were 
the vMost-DILI-Concern drugs. Thus, Greene classification shows 
concordance in data of the general trend in comparison with the 
DILIrank dataset.

A similar trend was observed for Xu dataset which is also a 
literature- based approach (Fig. 3d), where 55% of the drugs belong 
to the DILI positive categories by Xu are represented in the VMost- 
DILI- Concern category of DILIrank.

The Suzuki dataset is derived from the DILI information based 
on the case registry, which divided the dataset into three categories 
based on severity and liver injury risk to humans. Suzuki dataset 
contains information related to human hepatotoxicity and it does 
not contain the list of drugs that does not cause liver injury. As 
depicted in Fig. 3c, all the drugs that are either withdrawn or sus-
pended due to DILI on Suzuki’s are represented in the vMost-
DILI- Concern category of DILIrank. Additionally, 73% of the 
drugs that cause general liver injury in Suzuki dataset belong to the 
vLess-DILI-Concern category of DILIrank.

By comparing DILIrank with other four classification schemes 
for the drugs overlapped, there is an apparent trend between these 
classification schemes (highlighted as red circles). However, differ-
ences were also observed between data sets, which could affect the 
performance of predictive models. Therefore, a predictive model 
developed using one classification scheme would not necessary 
converge when using a different classification scheme.

4 DILI Classification and Its Influence on Model Development

Various bioinformatics approaches have been employed for the 
development of DILI predictive model [18–22] . For example, 
to understand the structure and toxicity relationship [21, 23], 
we developed a DILI prediction system (called DILIps) [18]. In 
addition, we have also developed a “Rule of Two” model (RO2) 
to identify drugs that are likely cause of DILI risk in humans [20], 
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which specified that an oral medication having high lipophilicity 
[24] and high daily dose [25], is statistically significantly associated 
with DILI risk in humans [24]. Here, the threshold logP (measured 
by its logP ≥ 3) [26] [27] and daily dose of ≥100 mg/day [24] 
were determined according to the recommendations from 
literature.

By realizing that the reactive metabolites play a major role in 
the development of drug toxicity, we incorporated the reactive 
metabolite formation into RO2, which yielded a DILIscore model 
that allows quantitative assessment of DILI risk [28]. Specifically, a 
mathematically derived equation inferred from the analysis of a 
dataset including N = 192 FDA approved drugs as given below was 
established in DILIscore to quantitatively assess DILI risk based 
on the daily dose, lipophilicity, and the formation of reactive 
metabolite [29].

DILIscore daily dose mg RM= ´ ( ) + ´ + ´0 608 0 227 2 833. log / . log . .P

Here, log (daily dose/mg) is a natural log or equivalent to 
ln (daily dose/mg), and the numerical value of 1 or 0 was given 
to drugs either producing reactive metabolites or not. In 
DILIscore, the score >7 were concomitant with severe clinical 
outcome. The DILIscore >3 are associated with the moderate 
liver injury. DILIscore of <3 were rarely found to be related to 
severe liver injury.

We calculated the scores for each drug shown in Fig. 2 using 
DILIscore model, and then generated the density plots of score 
from each classification scheme. In an idea situation, for each 
classification, the plot should show a complete separation between 
different severity groups defined by a classification scheme. 
However, the purpose of this analysis was to examine the influ-
ence of various DILI classification systems. If two plots bear simi-
larity, it implies that the two classification schemes corresponding 
to these two plots have the similar performance in the context of 
the DILI score model.

Evidently, DILIrank, Greene, and Xu datasets had similar 
distribution patterns, indicating that these three classification 
schemes are consistent. Most sever DILI drugs in these data sets 
(i.e., VMost-DILI-Concern drugs in DILIrank, Human 
Hepatotoxic drug in Greene and DILI positive drugs in Xu) had 
the score of ~7 while DILI negative drugs have lower DILIscore 
(i.e., VNo-DILI- Concern drugs in DILIrank ~2.5, no Hepatotoxic 
drug in Greene ~2.5 and DILI negative drugs in Xu ~4) in Fig. 4. 
On the contrary, the separation between different severity groups in 
both LiverTox and Suzuki classification was less clean, highlighting 
the impact of the classification scheme on the performance of 
predictive model. Thus, a predictive model using one classification 
scheme should be used in the right context and it might not be 
applicable to other classification schemes.
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Fig. 4 (a) Comparison of DILIscore hepatotoxicity model with the DILIrank dataset. The DILIrank dataset 
classified drugs based on drug labeling. In comparison of DILIrank with the DILIscore, we could demonstrate 
some degree of separation in the dataset. The vNo-DILI-Concern drugs (green) and vMost-DILI concern drugs 
(pink) showed most amount of separation. Most of the vNo-DILI-Concern drugs (green) had the DILIscore of 
~2.5 and most of the vMost-DILI-Concern drugs with the DILIscore of ~7. Weak Hepatotoxic drugs demonstrated 
the average DILIscore of ~4. (b) Comparison of DILIscore hepatotoxicity model with the Greene dataset. The 
Greene dataset classified drugs based on the literature evidence. On comparison with the DILIscore, we were 
able to see some degree of separation in the dataset based on the DILIscore. However, comparing the No 
Hepatotoxicity evidence drugs (green) and Human Hepatotoxicity drugs (pink) showed most amount of 
 separation. Most of the no DILI evidence drugs had the DILIscore of ~2.5 and most of the Human Hepatotoxicity 
drugs with the DILIscore of ~7. Weak Hepatotoxic drugs demonstrated the average DILIscore of ~5. 
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Fig. 4 (continued) (c) Comparison of DILIscore hepatotoxicity model with the Xu dataset. The Xu dataset is 
derived from the literature based evidence. On comparison with the DILIscore, we were able to see some 
degree of separation in the dataset based on the Xu classification. Comparing of DILI Positive (pink) and DILI 
negative (green) showed the separation. Majority of drugs with DILI negative annotation at Xu classification 
demonstrated DILIscore of ~4. Majority of drugs with DILI Positive annotation from Xu classification demon-
strated DILIscore of ~7. (d) Comparison of DILIscore hepatotoxicity model with the LiverTox data set. The 
LiverTox data set classified based on the likelihood of liver injury by considering the patients case reports. 
DILIscore gives the quantitative value (−1.9 to 8.64) where higher number denotes, higher hepatotoxicity risk. 
On comparison of the LiverTox (category A to E) with the DILIscore distribution was not able to separate drugs 
classified based on clinical reports. However, few of the drugs with no hepatotoxic indications (DILIScore) and 
no chances (to cause liver injury category E (LiverTox) (green) and fatal hepatotoxic indication with most likely 
chances to cause liver injury (pink) were differentiable. Majority of drugs with no likelihood to cause liver injury 
from LiverTox demonstrated DILIscore of ~4. Majority of drugs with most likely to cause liver injury from 
LiverTox demonstrated DILIscore of ~7. (e) Comparison of DILIscore hepatotoxicity model with the Suzuki 
dataset. The Suzuki dataset is derived from the DILI based on case registry based approach. On comparison 
with the DILIscore, we were able to see some degree of separation in the dataset based on the Suzuki clas-
sification. A comparison of withdrawn drugs (pink) and general DILI drugs (cream) showed most amount of 
separation. Suzuki classification does not classify the list of drugs that did not show

A comparative analysis was conducted to understand the 
influence of various DILI classification systems in the DILIscore 
prediction (Fig. 4). DILIscore quantitatively models the 
hepatotoxicity risk in the LiverTox classification, and the drugs are 
classified based on the clinical reports and measures the likelihood 
showed good concordance with DILIrank data set. Overall 
comparison of the DILIscore distribution from LiverTox and 
Greene classification raise an important issue that the observed 
variability is brought by the classification data set based on its source 
of the information. However, the concordance is demonstrated by 
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comparison of the quantitative DILIscore’s average quantitative 
values at few categories in both classifications. For example, category 
D of LiverTox with the Weak Hepatotoxicity evidence of Greene 
and vLess-DILI- Concern of DILIrank demonstrated the average 
DILIscore of ~5. Likewise, Category A of LiverTox with the 
Human Hepatotoxicity evidence of Greene and vMost-DILI-
Concern of DILIrank demonstrated the average DILIscore of ~7. 
Suzuki and Xu classification also demonstrated the degree of 
separation in the on comparison with the DILIscore (Fig. 4a–e).

Even though the model is sufficient enough to differentiate 
DILI with VNo-DILI-Concern drugs, variation brought by the 
source of the data can modulate the quality of the prediction and 
eventually, the reliability and reproducibility for the prediction 
model.

5 Conclusion

With the advent of the emerging technologies (e.g., high- throughput 
and high-content screening assays) and in silico methodologies 
widely adopted in toxicity studies, it is important to have a reference 
list of compounds with accurate DILI classification to develop bio-
markers with these technologies. Such a list could be derived from 
different classification schemes. We found that different classification 
system using different sources of information can vary in assigning a 
drug for DILI and which can also affect the model performance. 
A robust predictive model is heavily dependent on dataset size, class 
prevalence (e.g., data set size, distribution of Active/Inactive) and 
the signal/noise strength for class determination [30]. This study 
evaluated and compared five large datasets (>200 drugs) whose 
classification was derived from four different approaches. This anal-
ysis offers an opportunity to integrate these methods to combine 
these datasets into one consolidated list that covers most of the 
drug classes for DILI prediction. This consolidated information has 
potential to cover the landscape of DILI information. Using this 
comprehensive DILI dataset, the predictive models using the new 
data stream from emerging technologies can be robust enough to 
identify drug potentially causing DILI at earlier stage and can 
reduce the liver injury related attrition.

Disclaimer

The views presented in this chapter do not necessarily reflect current 
or future opinion or policy of the US Food and Drug Administration. 
Any mention of commercial products is for clarification and not 
intended as an endorsement.
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Chapter 4

Physicochemical Properties and Structural Alerts

Lilia Fisk, Nigel Greene, and Russ Naven

Abstract

Drug-induced liver injury (DILI) is one of the major reasons for the termination of drug candidates in the 
development and the withdrawal of drugs from the market. Significant efforts are being made to utilize 
existing knowledge of chemical and biological mechanisms that have been linked with causing DILI. 
These mechanisms are often varied and can include overt chemical reactivity or bioactivation to reactive 
metabolites; unintended interactions with cellular proteins such as transporters and nuclear receptors; or 
the disruption of cellular processes like mitochondrial function and oxidative stress. For DILI to be 
observed the chemical needs (1) to possess the required chemical features to disrupt biological processes 
and (2) to reach a certain concentration in the liver. Structure–activity relationships (SARs) are often used 
to determine whether a chemical possesses the required features to disrupt a biological process. Whereas 
the concentration of a drug in the liver is highly dependent on its physicochemical properties as these influ-
ence many pharmacokinetic characteristics. However, despite the ability to assess compounds for their 
potential to cause DILI using in silico methods in combination with a battery of in vitro assays, it is often 
difficult to accurately predict the risk for a specific compound as the efficacious concentration is often 
not truly known until it reaches the clinic and is tested in man. In addition, the complexities of mecha-
nisms that can lead to hepatotoxicity make the accurate identification of liver toxicants a challenging task. 
This chapter summarizes the importance of the consideration of physicochemical properties while applying 
SARs for toxicity assessment.

Key words Structure–activity relationships, Hepatotoxicity, Reactivity, Physicochemical properties, 
Mitochondrial dysfunction

1 Introduction

The liver plays an important role in the normal function of the 
human body. It regulates the levels of most chemicals in the blood 
and excretes bile. Bile helps to break down fats, preparing them for 
further digestion and absorption. Drugs can be absorbed into the 
bloodstream from the stomach and intestines and then pass through 
the liver. One of the liver’s functions is to remove unwanted chemi-
cals from the blood through metabolism into forms that are easier 
for the body to excrete.
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Many drugs are administered orally, and as a consequence 
are absorbed through the gastrointestinal tract and pass through 
the liver. During metabolism, the parent drug often undergoes 
bioactivation into reactive species that are then conjugated with 
water soluble biomolecules such as glucuronic acid or glutathione 
to enable excretion. However, sometimes these activated species 
can potentially interact with the intracellular or extracellular appa-
ratus causing adverse or undesired effects. For orally administered 
drugs, the liver is therefore exposed to both the parent drug and 
varying concentrations of drug metabolites, making it a primary 
target for toxicity.

To mitigate such eventualities, it is important to understand 
the various factors that can contribute to the potential risk for liver 
injury, and aim to minimize them. The two main considerations 
are: (1) does the drug have chemical features that have been linked 
to causing deleterious effects to the liver? and (2) will it reach the 
organ in sufficient quantities to cause that effect? Understanding 
the relationships between the chemical structure and these consid-
erations for liver injury will ultimately enable the design of safer 
drug molecules. Chemical characteristics that can play a role in 
determining the manifestation of DILI include the physicochemi-
cal properties of the drug and the presence of known structural 
features that (1) are associated with causing liver injury; or (2) have 
been associated with affecting certain biological mechanisms 
thought to be involved in causing liver injury.

2 The Role of Physicochemical Properties in Liver Injury

Toxicology is founded on the basic principle that the dose deter-
mines the poison. In other words, toxicity is intrinsic to the mole-
cule, but the administered dose defines whether that toxicity will 
be observed. Therefore the expression of human (and mammalian) 
toxicity for the most part is predicated on the absorption, distribu-
tion, metabolism and elimination of the drug.

The amount and frequency of dosing of an oral drug is largely 
determined by the minimum concentration required to achieve 
efficacy along with its absorption, distribution, metabolism and 
excretion (ADME) properties [1]. In addition, the pharmacologi-
cal interaction of a drug is driven by the unbound or free concen-
tration of the drug in the body and so the degree of protein binding 
of a given drug will also play a key role in determining the dose. 
These ADME properties are heavily influenced by each com-
pound’s physicochemical properties and these are in turn deter-
mined by its molecular structure and therefore are an important 
consideration in drug design.

Several key physicochemical properties have been shown to 
affect the pharmacokinetic profile of a compound. These are:

2.1 Dose, Toxicology 
and Liver Injury
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 1. Molecular size and shape
 2. Lipophilicity
 3. pKa
 4. Hydrogen bonding

Probably the most important property of a drug molecule is its 
lipophilicity as this plays a role in many of the most important attri-
butes of a good drug. Lipophilicity is most frequently character-
ized via the partition (P) or distribution (D) coefficients, which 
represent the ratio of concentrations of a given compound in the 
two phases of a mixture of two immiscible solvents at equilibrium. 
Quantified as logP and logD, the former refers to the ratio of the 
concentration of compound in the lipid phase to the concentration 
of all species (ionized and unionized) in aqueous phase at a given 
pH, while the latter is defined as the logarithm of the ratio of 
unionized compound in each phase. Since logD varies with the pH 
at which the measurement is made, the pH value is often specified. 
At biological pH, therefore logD7.4 is most typically used.

Knowledge of the pKa value is crucial for analyzing both lipo-
philicity and the solubility of ionizable compounds. Ionization 
equilibria also affect several pharmacokinetic parameters, such as 
absorption, membrane permeability, protein binding and certain 
metabolic transformations.

Oral bioavailability (F) is a product of fraction absorbed (Fa), frac-
tion escaping gut-wall elimination (Fg), and fraction escaping 
hepatic elimination (Fh) [1, 2]. After conducting an analysis of the 
distribution of certain physicochemical properties across several 
thousand marketed drugs, Lipinski and coworkers [3] observed 
that the majority of oral drugs that have good oral bioavailability 
had a molecular weight (MW) <500; calculated LogP (cLogP) <5; 
number of hydrogen bond donor atoms (HBD) <5; and the num-
ber of hydrogen bond acceptor atoms (HBA) <10. This set of 
observations, dubbed the “rule of 5” has become a set of guiding 
principles for designing oral drugs with good absorption. Lipinski 
et al. observed that chemicals are less likely to have good oral 
absorption if they violate two or more of these guidelines. However, 
it should be noted that there are numerous examples of drugs, e.g., 
acyclovir, that adhere to these criteria yet have poor bioavailability 
in the region of less than 30% of the administered dose. Conversely, 
there are examples of drugs, e.g., cyclosporine, that are readily 
absorbed yet do not pass more than two of these criteria. 
Cyclosporine has an oral bioavailability of up to 60% and thus has 
reasonable absorption. The absorption of most drugs is 
 predominated by passive diffusion across membrane barriers, how-
ever both uptake and efflux active transport mechanisms exist and 

2.2 The Influence 
of Physicochemical 
Properties on Key 
ADME Properties

2.2.1 Oral Bioavailability
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these might explain some of the outliers in this analysis of 
bioavailability.

Varma et al. also looked at a trend analysis that clearly indicated 
molecular weight (MW), ionization state, lipophilicity, polar 
descriptors, and free rotatable bonds (RB) influence bioavailability 
[2]. They observed that higher MW significantly impacted Fa, 
while Fg and Fh decreased with increasing LogP. Whereas polar 
descriptors often gave parabolic trends for bioavailability where 
low and high values showed similar effects. The most interesting 
observation was that the number of free rotatable bonds had a 
negative effect on all three parameters, Fa, Fg, and Fh, leading to 
a pronounced effect on bioavailability. They concluded that physi-
cochemical properties influence bioavailability with typically 
opposing effects on Fa and first-pass elimination.

Drug molecules circulating in the blood stream of any in vivo sys-
tem are either bound to proteins and lipids in plasma or to proteins 
and lipids in tissues, or are unbound (sometimes referred to as free) 
and diffuse among the aqueous environment of the blood and tis-
sues [4]. Plasma protein binding (PPB), among other factors, can 
strongly influence volume of distribution and half-life of chemicals 
[5]. In turn, physicochemical properties such as logP and pKa can 
have a strong influence on the degree of PPB observed for a given 
drug. As a general trend, molecules with high lipophilicity will 
have a lower fraction unbound and acidic molecules will similarly 
have a greater degree of PPB than basic compounds [6].

An important measure of compound distribution that has been 
demonstrated to have a link to toxicity in mammals is the concept 
of Volume of Distribution (Vd). This is defined as the theoretical 
volume that the total amount of administered drug would have to 
occupy (if it were uniformly distributed), to provide the same con-
centration as it currently is in plasma. A higher value of Vd shows 
that the drug is more diluted than it should be in the bloodstream 
implying that more of the chemical is distributed into the tissues. 
Drugs with high lipophilicity (nonpolar), not ionized at physiolog-
ical pH, i.e., basic molecules, or have low plasma protein binding 
have higher volumes of distribution than drugs which are more 
polar, more highly ionized (i.e., acidic molecules) or exhibit high 
plasma protein binding [1]. Vd directly influences the half-life of a 
compound whereby large Vd leads to a longer half-life, i.e., pro-
longs the duration of exposure. In studies looking at properties 
that influence the lowest observable adverse effect level (LOAEL) 
in rodent studies, the Vd of a given compound was observed to 
have a strong influence on the LOAEL where a larger value for Vd 
results in a lower LOAEL [7].

2.2.2 Plasma Protein 
Binding

2.2.3 Volume 
of Distribution
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Clearance (CL) is one of the most important of all pharmacoki-
netic parameters. It describes the relationship between the rate of 
elimination of chemical and its concentration in plasma. Total 
clearance describes the elimination of a chemical from the body 
without identifying the mechanisms involved in the process but 
most chemicals are eliminated primarily via the liver and/or kid-
ney. CL is affected significantly by the binding of chemicals to 
serum proteins as only the free (unbound) fraction of a compound 
can undergo clearance mechanisms. In studies published the rate 
of clearance is heavily dependent on the lipophilicity of the mole-
cule at pH 7.4 as expressed by the term LogD7.4 which is ultimately 
related to the LogP and pKa of a compound [8].

The elimination half-life of a drug is the time it takes for a drug to 
lose half of its concentration in the blood plasma. The half-life of a 
drug is directly related to Vd and CL and so by inference, it is also 
heavily influenced by the same physicochemical properties of com-
pounds as Vd and CL.

However, dose or plasma concentration alone does not directly 
cause toxicity. A drug molecule needs to have the ability to interact 
with the biological processes of the liver in a way that will lead to 
toxicity if severe or prolonged enough that the system is unable to 
restore or correct itself.

3 Structure–Activity Relationships Associated with DILI

A method to identify a drug’s inherent liability leading to toxicity 
is to search for structural motifs or structural alerts that commonly 
occur in compounds known to cause a particular effect. These 
structural alerts can be simple correlations between common 
motifs and an observed biological response but often are supported 
by a plausible chemical or biological mechanism that would explain 
the expression of chemical toxicity.

A structural alert is the chemical representation of a structural 
feature that is associated with a specific biological event. In toxicol-
ogy, the presence of a structural alert, sometimes referred to as a 
toxicophore, within a query compound is an indication that a par-
ticular toxicological event (or events) is more likely than if the fea-
ture was not present. The structural alert methodology is inherently 
conservative because they often do not take into account other 
structural features or physicochemical properties of the query mol-
ecule that could mitigate the observation of a toxicological event. 
As such, all identified structural alerts need to be investigated 
 further to understand the relevance of both the structural and 
mechanistic rationale of the alert to the query compound.

2.2.4 Clearance 
(Metabolism and Excretion)

2.2.5 Elimination 
Half-Life

3.1 Development  
of SAs
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There are a number of approaches for the identification of 
structural features within a toxicological dataset. Features can be 
identified statistically through the use of computer algorithms, 
such as in the application of quantitative structure–activity rela-
tionship (QSAR) techniques, pharmacophore modeling, and auto-
mated machine learning approaches. Features can also be identified 
through a visual analysis of the dataset by a human expert that is 
familiar with the endpoint being modeled, i.e., through the devel-
opment of structure–activity relationships (SARs). An advantage of 
applying this expert methodology is the opportunity to link the 
toxicophore to a particular mechanism of toxicity, thereby reduc-
ing chance correlations that are more likely to be a reflection of 
structural bias within the dataset, rather than of the toxicological 
event itself. In addition to the ability to synthesize disparate, sparse 
or contradictory data into a coherent SAR, a human expert analysis 
can impart further knowledge that may be useful toward improv-
ing the applicability of a structural alert, such as ADME properties 
and additional structural features that may mitigate the toxicologi-
cal event. One disadvantage of this approach, however, is that it is 
a time-consuming process and cannot be readily updated on the 
availability of new toxicological data. On the other hand, models 
based on a statistical analysis can often be built and updated quickly, 
but depending on the chemical descriptors used can lack the trans-
parency that is associated with SAR systems.

An initial SAR study usually results in grouping of compounds 
with similar chemical features, followed by an analysis of the toxi-
cological profile of each class. For those classes that are highly cor-
related with the toxicological activity under analysis, additional 
evidence is then collected to support the implementation of a 
structural alert. Such evidence may include a mechanistic rationale, 
similarities in the histopathological profile of liver damage and 
availability of any in vitro toxicological data that may be associated 
with the observed hepatotoxicity, such as metabolic activation, 
BSEP inhibition and/or mitochondrial liabilities. There is no strict 
rule on the number of compounds required to support an alert as 
the derivation of strong mechanistic rationale could warrant the 
alert being supported by only one or two compounds. In the ideal 
scenario the evaluation of these alerts should be carried out using 
data that was not used in the development of the alert and to take 
into account, if possible, the impact of exposure and species to spe-
cies variability when assessing new datasets.

One of the first reports of computationally derived structural alerts 
for liver toxicity was published by Egan et al. in 2004 [9]. The 
authors developed 74 alerts through the interrogation of a dataset 
of 244 compounds using an internal chemoinformatics platform at 
Vertex. Of the 74 alerts identified, 56 were based on the chemical 
features that had the potential to form reactive metabolites. 

3.2 Published SARs 
for Drug-Induced Liver 
Injury (DILI)
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Unfortunately, neither the actual toxicophores nor an assessment 
of their predictive performance was published. The remaining 18 
alerts were based on their high structural similarity to known hepa-
totoxic drugs where the toxicological mechanisms were not known 
or were not clear.

Subsequently, Greene et al. developed 38 structural alerts for 
hepatotoxicity which were implemented in the Derek for Windows 
(version 10) expert system [10]. To achieve this, the authors con-
structed a dataset of 1266 chemicals from public sources [11–13] 
where liver toxicity data for drugs and other chemicals in animals 
and humans were collected. Although animal data was included in 
the dataset, the main focus of the work was to derive SARs associ-
ated with liver damage in humans and for each alert to be sup-
ported by published toxicity data and mechanistic evidence. The 
updated custom Derek knowledge base was evaluated using a pro-
prietary Pfizer dataset of 626 compounds that had liver toxicity 
data in both humans and animals. The evaluation showed that the 
updated Derek knowledge base had a sensitivity of 46% with a 
specificity of 73% against the external test set. The relatively low 
sensitivity in this case was explained by the focus on human-derived 
structural alerts and the desire to implement only those alerts that 
had sufficient mechanistic evidence and several supporting 
compounds.

In 2013, Hewitt and coworkers developed and published toxi-
cophores for 16 hepatotoxicity structural alerts that were gener-
ated by the clustering of structurally similar chemicals in a hybrid 
approach that combined an automated method with human evalu-
ation [14]. Compounds within each cluster were then used to 
search for data that would support a mechanistic rational for the 
hepatotoxic profile associated with each chemical class. The authors 
provided the detailed supporting evidence behind each alert and 
highlighted that some of these classes were likely to be associated 
with multiple mechanisms of liver damage.

Pizzo and coworkers described a similar study [15] in their 
attempt to create an in silico model for hepatotoxicity using rodent 
repeat-dose toxicity studies data that was extracted from the 
Hazard Evaluation Support System (HESS) database [16]. Nine 
structural features were selected based on the high levels perfor-
mance for each class. The relevance of these features for hepatotox-
icity was investigated using the public literature by way of 
mechanistic evidence and/or experimental data. For example, 
mechanism-related information was available for the bioactivation 
of halobenzenes, naphthalene containing compounds and para- 
alkylphenols, and experimental liver toxicity was identified in ani-
mals for the bisphenyl and bromomethane toxicophores. The 
authors did not report overall performance of their alerts for the 
training nor external sets; their intention, however, is to use these 
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alerts for the identification and prioritization of potentially toxic 
substances.

In 2015, Liu and coworkers also identified 12 structural frag-
ments that are statistically correlated to an increased risk of DILI 
from 606 drugs that have been annotated with respect to their 
hepatotoxicity profile [17]. Example classes include cyclopropyl 
amine and the commonly identified arylacetic acid. Studies such as 
these are useful for providing structural hypotheses, but it is essen-
tial that new toxicophores are investigated further to ensure mech-
anistic integrity. For example, isoflurane (a fluorinated anesthetic) 
and efavirenz (a nonnucleoside reverse transcriptase inhibitor) are 
classed together because they share a similar 2-atom structural fea-
ture, yet they are likely to have very different hepatotoxic mecha-
nisms. Such statistical anomalies are thought to be the product of 
machine learning algorithms, but they can also be a property of 
some expert SAR studies too.

In 2016 Pizzo and coworkers carried out a second SAR study 
using a dataset of 950 compounds with human hepatotoxicity data 
that was compiled from various public sources [18]. In total 51 
alerts were generated, 11 structural alerts were manually selected 
and 40 alerts were automatically generated from a computer algo-
rithm. Two out of the 11 manually selected alerts were to identify 
nonhepatotoxic compounds (steroids backbone, and cephalospo-
rin beta-lactam antibiotics). The authors created a structural alert 
decision tree which gave high levels of sensitivity (>80% for all the 
training and test sets), but relatively poor levels of specificity for the 
test sets (<33% each).

These results support the notion that it may be relatively sim-
ple to build a structural alert model that is predictive of the train-
ing set, but it is a challenge to retain predictive performance when 
robustly evaluating with external test sets. One of the reasons for 
this is the incorrect identification of the toxicophore associated 
with hepatotoxicity. Therefore, despite numerous publications 
describing the development of SARs for compounds with known 
hepatotoxicity profiles, the prediction of DILI potential for new 
chemicals using structural alerts remains a challenge.

A significant number of structural alerts for hepatotoxicity are 
based on chemical features that undergo bioactivation to generate 
reactive metabolites (RMs). For example, a well-known example of 
intrinsic, dose-dependent hepatotoxicity is acetaminophen. This 
compound has been shown to be converted to the highly reactive 
metabolite, N-acetyl p-benzoquinoneimine (NAPQI) [19]. At 
high doses, NAPQI will react with cellular components when the 
usual conjugation pathways are saturated (such as the formation of 
glutathione adducts), leading to disruption of cellular functions 
[20]. It is unlikely that this widely used painkiller would pass 
through the stringent testing in use today.

3.3 Published 
Structural Alerts 
for Reactive 
Metabolites
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Although RMs have been shown to covalently bind to cellular 
nucleophiles and cause a significant reduction in the cellular anti-
oxidant, glutathione, it is often a challenge to prove that these are 
the actual causative events that lead to hepatotoxicity. Furthermore, 
in some cases, the formation of a specific RM is a requirement for 
the intended pharmacological action of a parent drug, e.g., clopi-
dogrel (and closely related analogues ticlopidine, prasugrel, and 
vicagrel) [21].

For example, tienilic acid was withdrawn from the market due 
to a high incidence of liver toxicity [22] and the proposed mecha-
nism involves the bioactivation of the thiophene ring to form reac-
tive metabolites that have been shown to covalently modify cellular 
proteins [23] (Fig. 1). As such, thiophene is considered a struc-
tural alert for hepatotoxicity.

However the activation of a RM-based structural alert does 
not necessarily mean that the feature will undergo bioactivation 
[21]. In some cases, metabolism may occur at another location on 
the molecule, reducing the likelihood that the toxicological events 
associated with the toxicophore may occur. Furthermore, even 
though cellular adducts may be detected in in vitro studies with 
human liver microsomes (HLM), the metabolic profile of a chemi-
cal in vivo could vary significantly owing to the presence of addi-
tional metabolic routes that are not represented in HLMs. As a 
consequence, the observation of RMs in vitro or the activation of 
a RM-based structural alert does not necessarily lead to the obser-
vation of toxicity. For example clopidogrel and olanzapine contain 
the thiophene ring system and yet are successfully marketed drugs.

Moreover the refinement of SARs for RMs could be achieved 
by including factors related to the probability of bioactivation of a 
specific chemical feature. Such an approach was successfully applied 
by Dang et al. for four structural alerts: furans, phenols, nitroaro-
matics, and thiophenes [24]. The authors used XenoSite to gener-
ate scores for the potential sites of metabolism and where a 
structural alert was colocated with a predicted site of metabolism, 
then it was considered likely that bioactivation could occur (con-
versely where an alert was present but predicted to be a site of 
metabolism, then bioactivation was considered unlikely).

As stated previously, another factor that may mitigate the toxi-
cological impact of a structurally alerting group is the daily dose. A 
number of publications provide evidence for the link between 
exposure and toxicity potential [21, 25].

One of the most comprehensive reviews of the structural alert 
methodology was carried out by Stepan and coworkers in 2011 
[26]. In this study, the authors investigated the difference in struc-
tural alert profiles between two sets of drugs, one set based on 68 
drugs that have been withdrawn or have black box warnings 
(BBW), and the other based on 200 currently marketed drugs 
[26]. Although the majority of drugs in the withdrawn/BBW set 
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had structural alerts and/or evidence of RM formation, it was also 
noted that so do half of the set of market drugs. Additionally, no 
significant difference was observed between the physicochemical 
properties of each drug set. It was concluded that the majority of 
the toxic drugs (causing hepatotoxicity and other adverse effects) 
have high daily doses (100–2400 mg), giving an indication that 
the best de-risking strategy is to minimize exposure from structur-
ally alerting candidates through improving pharmacokinetics and 
increasing intrinsic potency during pharmaceutical development.

One caveat of global analyses that evaluate the performance of 
structural alerts is that the limitations of the structural alert meth-
odology are often acknowledged but not addressed during the 
analysis. For example, the class of phenols was included as a struc-
tural alert in the Stepan study [26] on the basis of their increased 
likelihood of oxidation to reactive quinoidal moieties. In the 
absence of an SAR study to understand which subgroup of phenols 
are more likely to oxidize and form RMs, then the inclusion of this 
broad class would inadvertently lead to a high false positive rate in 
any analysis. Therefore, what is often being assessed is the scientific 
rigor by which the applicability domain of a structural alert is 
derived and the amount of evidence that supports it.

Hepatotoxicity is often a result of two or more mechanisms 
which are frequently overlapping. This is illustrated with the thia-
zolidinedione antidiabetic drugs, troglitazone, pioglitazone, and 
rosiglitazone. Although these drugs all show a similar bioactivation 
profile of the thiazolidinedione ring [27] as well as being inhibitors 
of the bile salt export pump (BSEP) [28], only troglitazone has 

Fig. 1 Bioactivation of tienilic acid to S-oxide and/or epoxide that implicated in formation of adducts with cel-
lular proteins
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been withdrawn from the market for liver injury. It has also been 
shown to decrease mitochondrial membrane potential (MMP) 
[29] and is also a potent agonist of FXR (farnesoid X receptor) 
[30]. In addition, troglitazone has a relatively high daily dose 
(200–400 mg/day) in comparison to pioglitazone and rosigli-
tazone (15–45 and 2–8 mg/day respectively). In contrast, rosigli-
tazone has been withdrawn for cardiac toxicity and pioglitazone 
has been withdrawn in some markets for its link to causing bladder 
cancer. Therefore, the thiazolinedione structural alert may well be 
a useful alert for the identification of potential reactive metabolites, 
but more evidence is required before it can be used in the predic-
tion of DILI.

4 Published Nonreactive SARs for DILI

The mechanism for reactive metabolites is largely dependent upon 
a compound’s structural features and so the application of struc-
tural alert methodology is ideal for these classes of DILI-causing 
compounds. In contrast, hepatotoxicity that is derived from a 
pharmacological mechanism, such as FXR agonism or BSEP inhi-
bition, is dependent upon the attainment of several, complex struc-
tural interactions that give rise to the pharmacological interaction 
with the protein. These drug-protein interactions can involve the 
formation of hydrogen and/or covalent bonds, electrostatic inter-
actions, or hydrophobic bonds that can displace surface water mol-
ecules from the protein to gain entropic energy. As a consequence, 
lipophilicity can also play a role in determining whether or not a 
molecule will interact with unintended targets such as FXR and 
BSEP. There are many studies reported where the relative selectiv-
ity of a molecule is highly correlated to its LogP value with lipo-
philic molecules being less selective, i.e., having pharmacological 
interactions with multiple receptors [31–33].

In most cases, it is the unbound fraction of molecules that 
interact with protein receptors to produce a pharmacological effect 
on the system. Chemicals that act via a pharmacological interaction 
with a protein receptor, such as the peroxisome proliferator- 
activated receptor (PPAR), that are also highly bound to plasma 
proteins will generally require higher doses to achieve the required 
free concentrations to elicit an equivalent response to a chemical 
that has a lower PPB level provided the rate and fraction absorbed 
for both are equivalent.

The chemical features that determine pharmacological activity 
may be challenging to capture as a structural alert with any reason-
able levels of accuracy. However, the following examples reflect 
structural properties that have been investigated for various nonre-
active mechanisms associated with DILI.
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The presence of reactive oxygen species and the subsequent dis-
ruption of cellular redox homeostasis are believed to be a key driver 
of hepatotoxicity [34, 35]. Rana and coworkers modified a 
hydrogen- peroxide assay to identify structural features that corre-
late with the observation of redox cycling in the assay [36]. As 
expected, quinoidal-type compounds, such as the hepatotoxic 
compound menadione, were active in this assay and their ability to 
redox cycle has been reported [37]. In addition, the study identi-
fied other toxicophores that were linked to redox cycling, such as 
pyrimidine triazinediones and arylidenepyridenediones (Fig. 2).

The authors concluded that these observations support the 
hypothesis that extended “push–pull” pi-systems have a higher 
likelihood of redox cycling, which may contribute toward a hepa-
totoxic profile of any compound containing these toxicophores.

Many of the marketed drugs that have been withdrawn due to 
hepatotoxicity are able to inhibit mitochondrial respiration or are 
capable of disconnecting mitochondrial electron transport from 
the production of ATP (the so-called uncoupling of oxidative 
phosphorylation). A SAR study by Naven and coworkers demon-
strated that lipophilicity and the presence of an acidic proton were 
essential for protonophoric uncoupling. In addition, they pro-
posed that stabilization of the ionized protonophore through 
delocalization or intramolecular hydrogen bonding was a critical 
factor for potent uncoupling activity study [38]. As part of this 
study, 14 structural alerts were identified, 11 of which were highly 
associated with potent uncoupling activity.

As with the prediction of RMs, structural alert methodology is 
useful for the prediction of uncouplers because, ultimately, activity is 
largely dependent on one structural feature, the absence of which 
precludes activity. In contrast, inhibition of one of the complexes in 
the mitochondrial electron transport chain may involve so many 
molecular interactions that the development of SAR may be limited 
to whole molecules and their closely related structural analogues, 
rather than to specific functional groups. A comprehensive review of 
the compounds that are known to disrupt mitochondrial dysfunc-
tion has been published in the book chapter by Mehta et al. [39].

Inhibition of the bile salt export pump has been identified as a 
potential toxicological mechanism that contributes to the induc-
tion of DILI [40, 41]. To highlight the challenge of identifying 
SARs for such pharmacological mechanisms, a study conducted by 
Pedersen and coworkers found that only physicochemical features, 
such as lipophilicity, charge, and molecular size, were highly associ-
ated with BSEP inhibition and not specific functional groups [42]. 
This indicates that, at least for BSEP inhibition, one particular 
group by itself is not a useful predictive factor for activity. In sup-
port, a similar dependency of BSEP inhibition on molecular weight 

4.1 Redox Cycling

4.2 Mitochondrial 
Dysfunction

4.3 Disruption 
of Transporter 
Homeostasis
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and lipophilicity was also found by Warner et al. [43]. In contrast, 
a structure-based QSAR study for the prediction of cholestasis 
identified 16 structural features that were associated with BSEP 
inhibition [44]. The activation of two or more features lead to a 
greater confidence in BSEP inhibition and this was supported by 
the known BSEP inhibitor and idiosyncratic hepatotoxicant, tro-
glitazone, which activated four structural features in the model. In 
another study, Welch and coworkers identified structural features 
that were predictive of inhibition of both BSEP and MRP4, includ-
ing those that correlated with noninhibition, such as the presence 
of a basic side chain [45]. It is important to note, however, that the 
authors of this study concluded that the predictive performance of 
the structure-based models could be improved by including a lipo-
philicity threshold below which a structural alert was considered 
not relevant.

These studies suggest that a statistical QSAR methodology 
based on physicochemical properties of chemicals and/or pharma-
cophore descriptors, rather than structural alerts, may be the best 
approach toward the prediction of these pharmacologically based 
mechanisms of hepatotoxicity.

5 Summary

Drug-induced liver injury is a complex endpoint, and the expres-
sion of DILI is dependent upon multiple factors of pharmacology, 
pharmacokinetics, physicochemical properties, metabolism, and 
genetic variability. As such, the ideal predictive in silico strategy 
would include a cumulative assessment of toxicological potential 
across multiple pharmacological, structural and physicochemical 
mechanisms as well as a consideration of liver exposure through 
the evaluation of several pharmacokinetic parameters. Structural 
alerts can play a key role in this strategy provided that they are 
derived from sufficient data that enables the development of an 
applicability domain and defined mechanism of action.

Fig. 2 Toxicophores implicated in redox cycling
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Chapter 5

Quantitative Structure–Activity Relationship Models 
for Predicting Risk of Drug-Induced Liver Injury in Humans

Huixiao Hong, Jieqiang Zhu, Minjun Chen, Ping Gong,  
Chaoyang Zhang, and Weida Tong

Abstract

Drug-induced liver injury (DILI) risk in humans is a complicated safety concern due to diverse mechanisms, 
various severity levels, variation in population groups, and difficulty in annotation of drugs, especially 
for the drugs that have been on the market for a short period of time. DILI remains a challenge for the 
industry and regulatory agencies. Assessing DILI risk in humans is important to assist drug development 
for the industry and to inform decision making on safety evaluation of drug products in regulatory science. 
Though various experimental methods have been used in current practices for assessment of DILI risk, in 
silico methods have been adopted in the field as an alternative because the development and validation of 
in silico models are much faster and cheaper. Many quantitative structure–activity relationship (QSAR) 
DILI prediction models have been reported. To better understand the QSAR models reported and to 
foster development of more reliable QSAR models, this chapter provides an instruction to the principals 
and the components of QSAR modeling, a summary on some popular algorithms and tools for QSAR 
modeling, and a review of QSAR models developed for prediction of DILI.

Key words Drug-induced liver injury, DILI, Quantitative structure–activity relationship, QSAR, 
Prediction, Chemical descriptors, Algorithm, Drug, Safety

1 Introduction

Drug-induced liver injury (DILI) remains a challenge for pharma-
ceutical industry, clinicians, research scientists, and regulatory 
agencies [1]. DILI can be idiosyncratic or caused by specific intrin-
sic mechanisms (dose-dependent) [2]. There are a number of 
mechanisms (including alterations in bile acid homeostasis, mito-
chondrial dysfunction, reactive metabolite formation, and oxida-
tive stress) that are known for hepatotoxicity of idiosyncratic and 
nonidiosyncratic DILI drugs [3]. A lot of research efforts have 
been carried out to eliminate drug candidates that might cause 
DILI. Therefore, predicting human DILI risk is an urgent need to 
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improve development of safer drugs and to facilitate safety evaluation 
of drug products.

Different methods have been developed to assess DILI risk in 
humans associated with drug products and candidates. Many in 
vitro and in vivo assays have been designed for evaluation of DILI 
risk of chemicals during drug development [4–15]. Additionally 
findings from retrospective studies and postapproval drug moni-
toring could be further used to assess DILI risk in humans [16–
19]. Although in vitro and in vivo experimental data and 
observations in clinical investigations helped our understanding of 
DILI and improved our capability to assess human DILI risk of 
drug products and candidates, accurately predicting human DILI 
risk remains to be a challenge in drug development, regulatory sci-
ence, and clinical practices. As new technologies such as mass 
spectrometry- based proteomics [20], microarray genotyping [21, 
22], and next-generation sequencing [23–26] emerged in the sci-
entific community to facilitate discovery and development of bio-
markers [27], tremendous and concerted efforts were made to 
promote these technologies to identify sensitive and specific bio-
markers for prediction of DILI risk [28]. However, most of the 
more recently identified DILI biomarkers such as microRNA bio-
markers have not been translated into regulatory decision making 
and drug development [29–32].

Much more experimental studies and clinical investigations are 
needed to enhance predictive capability of assessing DILI risk in 
humans. Although in vitro experiments are much cheaper than time-
consuming and at costly in vivo experiments and clinical investiga-
tions, in silico methods are attractive as an alternative approach for 
prediction of human DILI risk due to possibility to analyze a vast 
chemical space in timely manner. Many in silico models have been 
developed for predicting DILI risk [33–46]. Most of the developed 
in silico models were based on the principal of quantitative struc-
ture–activity relationship (QSAR) [33–42]. QSAR models not only 
demonstrated potential to predict human DILI risk but also gained 
a lot of attractions in the DILI field due to low costs at both time 
and money guiding further in vitro and in vivo studies. To advance 
development of more reliable QSAR models for predicting human 
DILI risk, this chapter introduces principal and technical compo-
nents of QSAR models. Case studies of QSAR models for DILI 
prediction are reviewed and future perspectives for development of 
DILI prediction QSAR models are discussed.

2 QSAR

QSAR is used to define the relationship between biological activity 
and chemical structures. A QSAR model is a mathematical func-
tion that is used to estimate the biological activity of a compound 

2.1 QSAR Rationale
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based on its chemical structure [47]. Mathematically, development 
of a QSAR model using a set of training chemicals is to determine 
a mathematical transformation that can be used to estimate the 
bioactivity data of the training chemicals using numerical descrip-
tions of their structures so that the sum of errors between the esti-
mated and the actual bioactivity data is optimized to a minimum as 
presented in Eq. (5.1).

 A S= ( ) +f ε.  (5.1)

In Eq. (5.1), A is the vector of bioactivity data; S represents 
the matrix of numerical descriptions of structures of the training 
chemicals; f indicates the mathematical function that transforms 
the numerical description of structures into a vector for estimation 
of bioactivity; ε denotes the minimized error that consists of mod-
eling error (bias) and experimental error or observational variabil-
ity of the actual bioactivity data A.

Bioactivity data A could be categorical (such as positive and 
negative) or continuous (numerical). For a QSAR model to predict 
categorical bioactivity of chemicals, the mathematical function f 
assigns categorical classes to the chemicals based on the description 
of their structures. This type of QSAR models is termed 
“Classification models.” When a QSAR model is used to estimate 
continuous bioactivity, the mathematical function f transforms the 
description of a chemical structure to a numerical estimation of its 
bioactivity. They are termed “Regression models.” Both classifica-
tion and regression models are considered as supervised learning in 
the machine learning field [48], i.e., a model is determined by 
learning training chemicals with known bioactivity data obtained 
either in experiments or through calculations.

In order to develop a classification or regression QSAR model, 
chemical structures should be described numerically. A variety of 
methods have been used to describe chemical structures. The 
methods for numerical description of chemical structures can be 
divided into two major types depending at the way they are calcu-
lated: target structure based (or 3D QSAR) and small molecule 
based (or ligand based).

When the target protein is known for the bioactivity in a QSAR 
modeling, the structure of a chemical can be described using the 
interactions between the target and the chemical. Most of the 
 protein structure-based QSAR models have been developed using 
molecular docking [49–53].

When the target protein is not known or multiple targets are 
involved in the bioactivity to be modeled, the structures of a set 
of chemicals that have been tested are used to train a QSAR 
model. This is the so-called ligand-based or small molecule-based 
QSAR modeling. The methods for ligand-based QSAR modeling 
can be divided into three types. The first type is structural alert, 
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i.e., structural features that associated with toxic effects due to (1) 
chemical’s intrinsic reactivity, (2) its bioactivation/metabolism 
to reactive species, or (3) interaction with proteins leading to 
disruption of cellular functions. For example steroid skeleton 
(any bond types), diethylstilbestrol skeleton (any bond type for 
the linker), and phenolic ring were demonstrated to be the good 
structural alerts for binding with the estrogen receptor [56]. In 
addition to a single structural alert, a structural alert could be a 
group of structural features and is termed as a combined struc-
tural alert. A pharmacophore is a combined structural alert that 
consists of steric and electronic features that are correlated with a 
specific biological activity. Pharmacophore modeling has been 
widely used in QSAR studies [57–59].

The second type of ligand-based methods for numerical 
description of compounds is molecular descriptor. Molecular 
descriptors are a large number (hundreds to thousands) of values 
for description of a chemical structure. Molecular descriptors can 
be classed as fingerprints and (numerical) descriptors. One of the 
well-known examples of numerical descriptors application is 
Lipinski’s rule of five. This rule is a set of molecular properties that 
are important for a drug’s pharmacokinetics (absorption, distribu-
tion, metabolism, and excretion—ADME) and used in drug devel-
opment to screen compounds that would be orally active in humans 
[54, 55]. Number of hydrogen bond acceptors, number of hydro-
gen bond donors, molecular weight and logP (octanol–water par-
tition coefficient) are criteria in Lipinski’s rule of five. In some 
literature Lipinski’s rule also referred as a structural alert. A finger-
print is a particular complex form of descriptors. It is an ensemble 
of a set of structural fragments that can be binary or numerical; but 
binary fingerprints are more popular as they are much more effi-
cient in chemoinformatics. Examples of fingerprints and popular 
sources that can be used to calculate fingerprints are given in Table 1 
[60–63]. General numerical descriptors are calculated to character-
ize the electronic, geometric, steric, and topological properties 
of a chemical compound. A few notable tools for molecular 
descriptors calculation are Mold2 [64], ADAT [65], CODESSA 
[66], BlueDesc (http://www.ra.cs.uni-tuebingen.de/software/
bluedesc), OASIS [67], POLLY [68], CERIUS2 (www.accelrys.
com), PaDEL [62], ChemAxon JChem  (https://www.chemaxon.
com/), CDK Descriptor Calculator  (http://www.rguha.net/
code/java/cdkdesc.html), DRAGON (www.talete.mi.it), 
MOLCONN-Z (http://www.edusoft-lc.com/molconn/mcon-
prod.html), ADMEWORKS ModelBuilder (http://www.fqs.pl/
chemistry_materials_life_science/products/admeworks_model-
builder), CDK (http://cdk.github.io/cdk/), RDKit (http://
sourceforge.net/projects/rdkit/), and Chemopy [61].
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Table 1 
Fingerprints and the tools for QSAR

Fingerprint Description Tools to calculate

FP2 A fingerprint records linear 
fragments of up to seven atoms 
in a molecular structure. 
Through path analysis, linear 
segments of length 1–7 atoms are 
identified. A path ends when the 
atoms form a ring. Only 
canonical fragments are recorded 
in the fingerprint which is a 1024 
bit vector

Pybel (https://pypi.python.org/pypi/
PyBEL/0.3.8) [60]

FP3 A set of functional groups based on 
55 SMARTS patterns stored in 
patterns.txt from Open Babel

Pybel

FP4 A set of functional groups based on 
55 SMARTS patterns stored in 
SMARTS_InteLigand.txt from 
Open Babel

Pybel; Chemopy (https://sourceforge.net/
projects/chemopy/) [61]

MACCS A set of substructure keys stored in 
MACCS.txt from Open Babel

Pybel; Chemopy; CDK (http://cdk.github.io/
cdk/); RDKit (http://sourceforge.net/
projects/rdkit/); PaDEL (http://padel.nus.
edu.sg/software/padeldescriptor) [62]; 
JCompoundMapper 
(jcompoundmapper.sourceforge.net/) [63]

Daylight-like 
fingerprint

A daylight-like topological 
fingerprint based on hashing 
molecular subgraphs

Chemopy

E-state A set of 79 E-state fragments Chemopy; CDK; RDKit; PaDEL

Atom pairs A set of counts for atom pairs Chemopy; RDKit; PaDEL

Torsion 
fingerprint

A set of topological torsions Chemopy; RDKit

Morgan 
fingerprint

Fingerprints calculated using 
Morgan algorithm

Chemopy; RDKit

CDK 
fingerprint

Fingerprints are one-dimensional 
bit arrays in which bits are used 
for particular structural features

CDK; PaDEL

PubChem 
fingerprint

A PubChem fingerprint is a set of 
881 structural keys

CDK; PaDEL

CDK 
extended 
fingerprint

A fingerprint that extends the CDK 
fingerprint with additional bits 
describing ring features

CDK; PaDEL

(continued)
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Table 1
(continued)

Fingerprint Description Tools to calculate

Klekota-Roth 
fingerprint

A fingerprint of 4860 SMARTS 
based substructures

CDK; PaDEL

GraphOnly 
fingerprint

A fingerprint that does not take 
bond orders into account

CDK; PaDEL

Hybridization 
fingerprint

A fingerprint that does not take 
into account of aromatic 
fragment; but takes into account 
of SP2 hybridization

CDK

Substructure 
fingerprint

A fingerprint for 307 substructures CDK; PaDEL

RDK 
fingerprint

A Daylight-like topological 
fingerprint generated using an 
alternate (faster) hashing 
algorithm

RDKit

Layered 
fingerprint

A fingerprint that is calculated using 
a layer-based hashing algorithm

RDKit

Pattern 
fingerprint

A fingerprint that is generated using 
a series of predefined structural 
patterns

RDKit

DFS A fingerprint of paths generated by 
a graph traversal with a modified 
depth first search

JCompoundMapper

ASP DFS like, only paths that have 
shortest distances are recorded

JCompoundMapper

AP2D A fingerprint that consists of atom 
types and the shortest paths 
between all pairs of atoms

JCompoundMapper

AP3D Similar to AP2D. The difference is 
that the geometrical distance 
matrix is used for distance 
calculation

JCompoundMapper

CATS2D A set of pairwise topological 
relationships of PPP (potential 
pharmacophore points) patterns

JCompoundMapper

CATS3D Similar to CATS2D. The difference 
is that geometric relationships of 
PPP patterns are used

JCompoundMapper
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The third type of ligand-based methods for numerical descrip-
tion of compounds is the force field-based description that needs 
three-dimensional (3D) structures of a set of small training chemi-
cals with known activities. This type of methods is different from 
the second type of methods (molecular descriptors that are com-
puted from scalar quantities such as energies, geometric parame-
ters, some even need 3D structures). This methodology requires 
3D structures of a set of training chemicals to be superimposed 
together for the calculation of force fields to describe the training 
chemicals for QSAR model development. The first QSAR model-
ing method based on force fields was proposed by Cramer et al. 
and was termed as Comparative Molecular Field Analysis [69]. In 
a CoMFA model, the electrostatic fields and the steric fields (shape 
of the molecule) are correlated with bioactivity data of the training 
chemicals by means of partial least square (PLS) derived from prin-
cipal component analysis (PCA). CoMFA has been widely utilized 
in QSAR models for drug development and toxicological endpoint 
prediction [70, 71]. Molecular Similarity Indices in a Comparative 
Analysis (CoMSIA) is another QSAR modeling method based on 
field description of chemicals [72]. CoMFA mainly uses Lennard- 
Jones and Coulomb potentials that solely describe the energetic 
fields in ligand binding without consideration of entropic contri-
butions. Because Lennard-Jones potential energy at grids changes 
dramatically, very small conformational changes or slight different 
superimposition of molecules can result in strong variations in the 
field description values. Different from CoMFA, CoMSIA uses a 
common probe atom to calculate similarity indices at regularly 
spaced grid points for each of the superimposed molecules of train-
ing chemicals. The distance between the probe atom and the atoms 
of a training chemical is used to determine the similarity indices. 
Any relevant physical chemical property such as steric, electrostatic, 
and hydrophobic properties could be used to calculate the field of 
similarity indices in CoMSIA. This method attracted applications 
in the QSAR field [73, 74].

Supervised machine learning requires input variables (descrip-
tors) and an output variable (biological activity). Supervised learn-
ing algorithms could be further grouped into classification and 
regression problems. Classification QSAR models can be separated 
into two types: binary classification and multiclass classification. In 
a binary classification QSAR model, only two classes of samples are 
contained in the training set. A multiclass classification QSAR 
model assigns a chemical to one of multiple classes of bioactivity. 
Many classification methods have been used specifically for binary 
classification such as Decision Forest (DF) [75–80]. Therefore, 
one type of multiclass classification methods is to combine multiple 
binary classifiers such as multiclass DF [81]. Supervised machine 
learning algorithms are used to determine the mathematical func-
tion f by learning from a training data set for QSAR modeling 
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[82–86]. Theoretically all machine learning algorithms could be 
used for this purpose. Table 2 summarizes some popular machine 
learning algorithms used in QSAR modeling.

The process for development of QSAR models is illustrated in 
Fig. 1. In order to develop a QSAR model, the bioactivity data and 
structures for a set of chemicals should be collected as the training 
set. Databases are designed for this purpose. The direct transfor-
mation of chemical structures to their biological activity using a 
mathematical function (the red arrow in Fig. 1) is difficult, if not 
impossible. Therefore, in the QSAR field, tools have been devel-
oped to generate numerical descriptions of the chemical structures 
(fingerprints or descriptors). Then machine learning algorithms are 
used to determine the mathematical function to convert the 
numerical descriptions of structures to the predicted biological 
activity as shown by the blue arrows in Fig. 1.

Many databases have been constructed to facilitate the develop-
ment of QSAR models. In this chapter, we briefly introduce the 
FDA’s liver toxicity knowledge base (LTKB) to demonstrate the 
importance of specialized databases for developing reliable QSAR 
models. LTKB was developed at FDA/NCTR to improve the 
understanding of DILI and to facilitate construction of DILI pre-
diction QSAR models [46].

In the FDA’s Advancing Regulatory Science initiative, many 
technologies including in silico modeling are embraced to help 
the extrapolation from preclinical findings to clinical practices. 
LTKB is a knowledgebase which serves as a resource of all types 
of data needed for safety evaluation in terms of liver toxicity. 
Figure 2 depicts the overall structure of the LTKB. Diverse types 
of data (e.g., in vitro test results, in vivo assays, toxicogenomics, 
histopathology, and adverse effects reports) have been curated 
from the literature or have been generated from experiments for 
most FDA- approved drugs in the database. The DILI risks of the 
drugs collected in LTKB were classified using the FDA-approved 
drug labeling as the primary source [87] and coupled with DILI 
severity [88].

DILI is considered a heterogeneous disease and could be 
affected by many factors. Using a single type of data sources or a 
single model to predict DILI could result in a high rate of  incorrect 
predictions. Therefore, combination of diverse data to annotate 
DILI risk of drugs is vital for the success of QSAR models for pre-
dicting DILI. A “benchmark data set” that contains the drugs with 
well annotated DILI risks has been established in LTKB. This stan-
dard set of drugs has been made available to the scientific commu-
nity to promote assay design and QSAR model development 
(https://www.fda.gov/ScienceResearch/BioinformaticsTools/
LiverToxicityKnowledgeBase/ucm2024036.htm).

2.2 QSAR Model 
Development

2.2.1 Databases
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Table 2 
Machine learning algorithms

Algorithm Description Toolsa

Artificial neuro network Definition of functions for connection 
weights of the architecture of neurons

R, Rapidminer, AZOrange, 
Annie, EasyNN, libF2N2, 
Neuroph, NetMaker

Decision forest Consensus of multiple decision trees which 
are accurate (deep) using diverse 
descriptors

Decision Forest

Decision tree A tree-like model of decisions and their 
possible consequences, including 
probabilities of a type or values of 
outcomes

R, ELKI, mlpy, MOA

Hidden Markov model A connection of states with different 
probability distributions for transition 
between states

R, zipHMM, GHMM, 
SFIHMM

k-NN K nearest neighbors are taken from a training 
set to determine the class (for 
classification) or the property value (for 
regression) of an unknown sample

R, Rapidminer,

Logistic regression A regression model for categorical biological 
activity data

R, SAS, NCSS

Naïve Bayes A probabilistic algorithm based on Bayes’ 
theorem with strong (naive) independence 
assumptions between descriptors

R, Orange, Rapidminer, 
Weka, KNIME, Tanagra, 
jBNC, MOA

Random Forest Consensus of many shallow decision trees 
using a subset of descriptors and a subset 
of samples

R, Orange, Rapidminer, 
Weka, AZOrange, 
Tanagra

Support Vector Machine A hyperplane in a high- dimensional space 
that can be used separate samples for 
classification and regression

R, KNIME, LIBSVM, Dlib, 
Orange, Rapidminer, 
Weka, AZOrange, 
Tanagra, SVMlight, mlpy

aTools: Annie (http://annie.sourceforge.net/); AZOrange (https://github.com/AZcompTox/AZOrange); Decision 
Forest (https://www.fda.gov/ScienceResearch/BioinformaticsTools/DecisionForest/ucm2006645.htm); Dlib 
(http://dlib.net/ml.html); EasyNN (http://www.easynn.com/); ELKI (https://elki-project.github.io/); GHMM 
(http://www.ghmm.org/); jBNC (http://jbnc.sourceforge.net/); KNIME (http://www.knime.org/), libF2N2 
(http://libf2n2.sourceforge.net/); mlpy (http://mlpy.sourceforge.net/); LIBSVM (https://www.csie.ntu.edu.
tw/~cjlin/libsvm/); MOA (http://moa.cms.waikato.ac.nz/); NCSS (https://www.ncss.com/); NetMaker (http://
www.ire.pw.edu.pl/~rsulej/NetMaker/); Neuroph (http://neuroph.sourceforge.net/); Orange (http://orange.bio-
lab.si/); R (https://www.r-project.org/); Rapidminer (https://rapidminer.com/); SAS (https://www.sas.com/); 
SFIHMM (http://tuvalu.santafe.edu/~simon/styled-8/); SVMlight (http://svmlight.joachims.org/); Tanagra 
(http://eric.univ-lyon2.fr/~ricco/tanagra/en/tanagra.html); Weka (http://www.cs.waikato.ac.nz/ml/weka/); 
zipHMM (http://birc.au.dk/software/zipHMM/)

QSAR Models to Predict DILI

minjun.chen@fda.hhs.gov

http://annie.sourceforge.net/
https://github.com/AZcompTox/AZOrange
https://www.fda.gov/ScienceResearch/BioinformaticsTools/DecisionForest/ucm2006645.htm
http://dlib.net/ml.html
http://www.easynn.com/
https://elki-project.github.io/
http://www.ghmm.org/
http://jbnc.sourceforge.net/
http://www.knime.org/
http://libf2n2.sourceforge.net/
http://mlpy.sourceforge.net/
https://www.csie.ntu.edu.tw/~cjlin/libsvm/
https://www.csie.ntu.edu.tw/~cjlin/libsvm/
http://moa.cms.waikato.ac.nz/
https://www.ncss.com/
http://www.ire.pw.edu.pl/~rsulej/NetMaker/
http://www.ire.pw.edu.pl/~rsulej/NetMaker/
http://neuroph.sourceforge.net/
http://orange.biolab.si/
http://orange.biolab.si/
https://www.r-project.org/
https://rapidminer.com/
https://www.sas.com/
http://tuvalu.santafe.edu/~simon/styled-8/
http://svmlight.joachims.org/
http://eric.univ-lyon2.fr/~ricco/tanagra/en/tanagra.html
http://www.cs.waikato.ac.nz/ml/weka/
http://birc.au.dk/software/zipHMM/


86

The DILI risk of a drug can be assessed by three factors: cau-
sality, incidence, and severity. The FDA-approved drug labels used 
in LTKB consider comprehensive information related to all of the 
three factors for drugs. The advantage of DILI risk annotation 
within LTKB is the unique characteristic of the FDA-approved 
drug labels that are the outcome of the consensus of opinions from 
many experts based on diverse preclinical and clinical data. 
Furthermore, the label of a drug would be revised if postmarket 
surveillance data showed evidence of DILI risk in patients. The 
drugs in LTKB have been annotated to have most-DILI, less- 
DILI, and no-DILI concern based on their FDA-approved drug 
labels [87, 88].

As shown in Fig. 2, LTKB contains a large number of FDA- 
approved drugs with comprehensive data, including physiochemi-
cal properties, in vitro data, chemical structures, toxicogenomic 
data, histopathological data, and adverse reactions collected from 
multiple resources. In addition to the data for QSAR modeling, a 
huge amount of toxicogenomic data have been curated in LTKB 
from the Japanese Toxicogenomics Project [89] and the 
DrugMatrix database of National Institute of Environmental 
Health Sciences (https://ntp.niehs.nih.gov/drugmatrix/).

It is very difficult to directly use molecular structures in QSAR 
models. The common practice in QSAR modeling is the use of 
numerical descriptors to indirectly describe the chemical struc-
tures. Structural descriptors are numerical descriptions that 
describe the structural features. QSAR models correlate a set of 
molecular descriptors of chemicals with the biological activity of 
interest. Many structural descriptors have been developed. Mold2 
[64] is taken as an example for discussion in this chapter.

In the early time of QSAR history, the empirical physical- 
chemical properties of chemicals such as partition coefficients, sub-
stituent constants, and various electronegativity-related parameters 
were used as molecular descriptors. With the increased calculation 
power and advances in computational chemistry, more and more 

2.2.2 Description 
of Chemical Structures

Fig. 1 Overview of QSAR model development
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numerical parameters are calculated from 2D- and 3D-structures 
as molecular descriptors for the development of QSAR models. 
The types of molecular descriptors used in the current QSAR mod-
eling practices vary from the easily calculated constitutional and 
topological descriptors to sophisticatedly derived quantum chemical 
descriptors [90].

The debate on the superiority of 3D molecular descriptors 
over 2D molecular descriptors has been continuing for a long 
period of time in the QSAR community. However, no consensus 
has been reached. Similar performance of QSAR models con-
structed using 3D and 2D molecular descriptors was observed in 
the comparative studies [91–93], arguing that 2D molecular 
descriptors implicitly contain 3D structural information. Another 
drawback of 3D descriptors is the difficulty in determination of the 
bioactive conformations. Therefore, the best set of molecular 
descriptors may be indeterminable in the absolute sense.

A set of molecular descriptors were implemented in the 
Mold2 software package to be calculated from 2D chemical 
structures [64]. As a free software tool (http://www.fda.gov/
ScienceResearch/BioinformaticsTools/Mold2/default.htm), 

Fig. 2 LTKB structure and data types collected. LTKB has three components of LTKB: curation drug-elicited data 
curation, predictive DILI models construction, and database and related software development
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Mold2 is fast due to the utilization of the extremely speedy algo-
rithm for perception of ring structures [94] and the adoption of an 
efficient system for description of chemical structures [95, 96] that 
have been used in the development of the chemical structure elu-
cidation system based on analysis of nuclear magnetic resonance 
(NMR) [97–99] and infrared spectra [100]. Therefore, Mold2 is 
not only efficient for QSAR models based on small size data sets 
but also especially suitable for QSAR on large-sized data sets such 
as virtual screening of chemicals. The 3D structures are not neces-
sary for the calculation of Mold2 molecular descriptors and, thus, 
high reproducibility is warranted to Mold2 descriptors and the 
models derived from Mold2 descriptors. Using the current version 
of Mold2 software package, 777 structural descriptors are 
 calculated. The 777 Mold2 descriptors can be grouped into 20 
subclasses that are given in Table 3.

Table 3 
Molecular descriptors contained in the Mold2 software package

Class Subclass Number of descriptors Example of descriptors

1D Counts for atoms 105 Number of O atoms

Chemical physical property 2 Molecular weight

2D Counts for atoms 80 Number of ring tertiary C

Counts for bonds 9 Number of rotatable bonds

Counts for functional groups 104 Number of carboxylic (aromatic)

Chemical physical property 16 logP

Structural features 13 Number of 5 member rings

2D autocorrelation 96 Moran coefficient

Balaban index 12 Normalized centric index

Connectivity index 36 Randic connectivity index

Detour index 24 Cyclicity index

Distance (topological) index 73 Average atom eccentricity

Eigen value based descriptors 88 Folding degree index

Information content 45 Mean information content

Kier index 14 Kier flexibility

Molecular walk counts 13 Total walk count

Schultz index 4 Reciprocal Schultz index

Topological charge index 21 Mean topological charge

Wiener index 17 Normalized Wiener index

Zagreb index 5 Quadratic index
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When biological activity data and numerical descriptions of a set of 
chemicals are ready to train a QSAR model, the training task is 
done by using a machine learning algorithm. A brief summary of 
some machine learning algorithms is given in Table 2. As an exam-
ple, we give a detailed description of the novel machine learning 
algorithm DF [75, 76].

DF is a consensus modeling algorithm and combines a number 
of decision trees to make a consensus model so that the prediction 
performance is improved. DF algorithm generates deep decision 
trees ensuring each decision tree has a good prediction perfor-
mance. Another feature of DF is the diversity of the member deci-
sion trees constructed using different molecular descriptors. The 
chemical diversity of member decision trees warrants that each 
member decision tree contributes to the consensus DF model in a 
complementary way. In brief, building a DF model consists of four 
steps: (1) train a decision tree model using a unique set of descrip-
tors; (2) discard the used descriptors in the decision tree con-
structed; (3) repeat steps (1) and (2) until the improvement in 
prediction performance is less than a preset value by adding a deci-
sion tree; (4) ensemble of the results from all of the decision trees 
as the final prediction.

DF provides algorithms for both binary classification and multi-
class classification. The binary classification DF algorithm is available 
online (http://www.fda.gov/ScienceResearch/BioinformaticsTools/
DecisionForest/default.htm). The binary classification DF algorithm 
is a consensus modeling method in which a number of binary decision 
tree models are constructed separately. Figure 3a illustrates the princi-
pal of binary DF algorithm. A set of binary decision trees were con-
structed using diverse molecular descriptors. The probability values 
for a chemical to be positive from the binary decision tree models are 
averaged with equal weights. The result is used as the consensus prob-
ability value of the DF model for the chemical to be positive.

The rationale of the multiclass DF algorithm is depicted in 
Fig. 3B. In short, a binary classification DF model is built for each 
of the M classes by merging the rest M-1 classes of chemicals into 
one class. The probability values from the M binary classification 
DF models are used to predict the likelihood of a chemical to be 
the class modeled. The final prediction for the chemical from the 
multiclass DF model depends on the M probability values from the 
M binary classification DF models using the winner-take-all 
approach. If two or more winners are obtained for a chemical, 
assigning the chemical to only one class is not possible and, thus, 
the multiclass DF model predicts the chemical to be a new class of 
“unknown.”

Similar to other scientific methods and experiments, QSAR model-
ing is not an error free approach. All QSAR models have errors, 
small or large. The source of errors in QSAR models are diverse 

2.2.3 Algorithms

2.3 QSAR Model 
Validation
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and are summarized in the error term in Eq. (5.1). The errors 
could result from the biological activity data and/or the modeling 
process. Therefore, thorough validation of a QSAR model is vital 
for the consideration of potential regulatory applications of the 
model. To facilitate potential applications of QSAR models for 
regulatory purposes, OECD (Organization for Economic 

Input

Tree 1 Tree 2 Tree N

Combining output

Input

Output

Class 1 Class 2 Class M

Tree 1 Tree 2 Tree 2Tree N Tree NTree 1 Tree 2 Tree NTree 1

P1 P2 PM

a

b

Fig. 3 DF algorithmic flowcharts. The flowchart for binary classification DF is illustrated in (a). Accurate deci-
sion tree models are constructed from training dataset using diverse molecular descriptors. Prediction of a 
chemical is the combination of predictions from the N decision tree models for the chemical. The average 
value of the probabilities from the N decision tree models is used as the consensus probability from DF for the 
chemical. The flowchart for multiclass DF is shown in (b). First, for each of the M classes, a binary classification 
DF model (all other classes are treated as another class) is built as illustrated in (a). The multiclass DF model 
is to compare the probabilities the M DF models. A chemical is predicted as the class with the largest probabil-
ity value. If more two or more probability values are equally the largest for a chemical, a new class “unknown” 
is assigned to the chemical
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Co-operation and Development) published the OECD principles 
for the validation, for regulatory purposes, of (quantitative) struc-
ture–activity relationship models (http://www.oecd.org/chemi-
calsafety/risk-assessment/37849783.pdf). The OECD principal 
no. 4, appropriate measures of goodness-of-fit, robustness and pre-
dictivity, is the core for validation of QSAR models and should be 
applied to all practices of QSAR models, both regulatory and sci-
entific. This section will discuss the appropriate methods and pro-
cedures for validation of QSAR models.

Validation methods can be divided into two types: internal and 
external validations. The use of the terms in the literature is not stan-
dardized and sometimes causes confusion to the readers. Special 
attention should be paid to the OECD definition of internal and 
external validations. The internal validation defined by the OECD’s 
guidance document on the validation of (quantitative) structure–
activity relationship [(Q)SAR] models (http://www.oecd.org/
env/guidance-document-on-the-validation-of-quantitative-struc-
ture-activity-relationship-q-sar-models-9789264085442-en.htm) 
only estimates the goodness-of-fit of a QSAR model and is often 
equivalent to the training results reported in the literature.

We use the term of internal validation to represent the valida-
tion processes that use the data obtained from the same experi-
mental protocol in the same laboratory that is used to generate the 
training data set. In this sense, the internal validation used in this 
chapter is equivalent to the external validation in the OECD guid-
ance and reported in some scientific publications. The main pur-
pose of internal validation is to estimate the robustness and 
predictive performance of the QSAR modeling that could be 
expected to perform on the data that have been obtained using the 
same protocol in the same laboratory. Alternatively, the errors in 
the bioactivity data for the QSAR are minimized so that the error 
terms of Eq. (5.1) observed in an internal validation is mainly 
caused by the modeling technique.

Three internal validation processes are used in the current 
QSAR practices. The first is leave-one-out cross-validation 
(LOOCV). LOOCV is an approach that estimates the performance 
of QSAR models generated by the QSAR modeling procedure, 
rather than that of a specific model. Basically, in LOOCV, each 
chemical in the training set is taken out to test the model generated 
from the rest of the chemicals. All prediction results are summed 
up as an estimation of the model built in the training set. Therefore, 
LOOCV result is a performance estimation of a generalized model 
constructed using the same modeling procedure on the training 
chemicals. Rather than choosing one model trained on all training 
chemicals, LOOCV is used to provide a slightly conservative esti-
mation of the performance of the QSAR model that trained on all 
training chemicals.

2.3.1 Internal Validation
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The second internal validation scenario is k-fold cross- validation. 
A k-fold cross-validation is a procedure to estimate performance of 
QSAR models by partitioning a set of chemicals into a training set 
to build a QSAR model, and a test set to challenge the model. In a 
k-fold cross-validation, the chemicals are first randomly divided 
into k portions with equal or near equal sizes. One portion of 
chemicals is left out for testing the QSAR model trained using the 
remaining k − 1 portions of chemicals. The process is then repeated 
k times with each of the k portions used once and only once as the 
testing samples. The results from testing the k portions are finally 
averaged to make an estimation of model performance. Similar to 
LOOCV, the feature of this method is that all chemicals are used 
for both training and testing, and all chemicals are used for valida-
tion once (cross-validation).

The third internal validation is holdout validation. In a hold-
out validation, a portion of the original set of chemicals is holdout 
for testing the model constructed using the remaining chemicals. 
The prediction results are used to estimate the model performance. 
Theoretically, holdout validation can be considered as equivalent 
to partial result of k-fold cross-validation. Statistically speaking, 
k-fold cross-validation is better than holdout validation for estima-
tion of generalization of models and robustness of the modeling 
procedure used. However, due to k-fold validation being usually 
computationally expensive the holdout set could be useful for ini-
tial validation of a model. One time of holdout validation is the 
estimate of goodness of the model on the holdout chemicals, while 
k-fold cross-validations and LOOCV are the estimate of robust-
ness and generalization capability of the QSAR modeling proce-
dure. Though holdout validation can be used for internal validation 
in QSAR, we have to note that there are many ways to draw a 
holdout set randomly from the original set of chemicals. The 
results from different holdout sets from the same original set of 
chemicals have a large variance (especially compared to the equiva-
lent k-fold cross-validations). The best practice for holdout valida-
tion in QSAR is to run many holdout validations using different 
randomly splitting the original set of chemicals and to use the aver-
age model performance. This validation method is often referred 
to as repeated random sub-sampling or Monte Carlo cross- 
validation. It is worth to point out that holdout validation is often 
incorrectly used as external validation that needs an independent 
test set in the QSAR community.

External validation is different from internal validation. Internal 
validation is used to validate a QSAR modeling procedure, while 
external validation is used for validation of a QSAR model. Though 
both validation methods are used to estimate the performance of 
the QSAR model constructed from a training set of chemicals, they 
emphasize different aspects of generalization of a QSAR model. 

2.3.2 External Validation
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Internal validation measures robustness of the QSAR model and 
external validation focuses on extrapolation of the QSAR model.

External validation is the validation of a QSAR model using a 
set of chemicals that are not used in the training set with the exper-
imental data for the same biological activity from different labora-
tories or different assays or generated after the model is developed. 
Using chemicals different from the training chemicals is the neces-
sary condition (the same for internal validation) but not the suffi-
cient condition of external validation. The experimental data used 
in external validation should be the one generated after the QSAR 
model is developed or obtained from other laboratories if the end-
point is the same with training set or the same biological data of 
different assays, depending at the validation purpose. Many exter-
nal validation results are actually one type of internal validation 
without robustness measure (e.g., one holdout validation is 
reported as an external validation).

3 QSAR Models for DILI Prediction

Many QSAR models for predicting DILI risk have been developed 
using machine learning algorithms [33–37, 41, 42]. Here we 
review the QSAR models for predicting DILI risk in humans using 
DF [33].

To develop QSAR models for predicting DILI risk in humans, 
labeled data of a large set of FDA-approved drugs were used [33]. 
Drug labeling can be used to assess risk of human hepatotoxicity. 
The labels of FDA-approved drugs were used to categorize drugs 
into three groups: most-DILI-concern, less-DILI-concern, and 
no-DILI-concern [87]. The DILI risk groups were used as the 
dependent variable for the development of DILI prediction QSAR 
models. Three published data sets, including NCTR dataset [33], 
Greene et al. dataset [101], and Xu et al. dataset [37] were used as 
the independent external validation sets to estimate the prognostic 
performance of the QSAR model developed based on the training 
set [33, 101]. The molecular descriptors calculated by Mold2 soft-
ware [64] were used to develop the QSAR models. The machine 
learning algorithm DF [75–80] was used to train the models. 
Tenfold cross-validations were used to measure robustness of the 
model performance. Permutation tests were conducted to deter-
mine predictive power of the models and to assess the chance cor-
relation of the models. Figure 4 shows the overall strategy for 
developing and validating the DILI prediction QSAR model.

The average sensitivity, specificity and accuracy yielded from the 
2000 repetitions of tenfold cross-validation were 57.8 ± 6.2% 
(standard deviation), 77.9 ± 3.0%, and 69.7 ± 2.9%, respectively. 
The low prediction accuracy of the permutation results (48.5%) indi-
cated that the average prediction accuracy from the cross- validations 
(69.7%) was not obtained by mere chance correlations.

QSAR Models to Predict DILI
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Three external data sets (NCTR, Greene, and Xu data sets) 
were used to estimate prediction performance of the QSAR model. 
The prediction accuracy, sensitivity, and specificity were 68.6%, 
66.3%, and 70.8%, respectively, for 191 drugs (95 most-DILI- 
concern +96 no-DILI concern) in the NCTR data set; 61.6%, 
58.4%, and 67.5% for 328 drugs (214 most-DILI-concern +114 
no-DILI concern) in the Greene data set; 63.1%, 60.6%, and 66.1% 
for 241 drugs (132 most-DILI-concern +109 no-DILI concern) 
in the Xu data set.

We compared the QSAR model predictions for the drugs hav-
ing consistent DILI annotations across the three external data sets 
with the drugs containing different DILI annotations. The results 
revealed that 70% of the drugs that were consistently annotated in 
NCTR and Greene data sets were predicted correctly using the 
QSAR model, however, only 58.8% of the drugs that were incon-
sistently annotated were predicted correctly. The same trend stands 
when comparing NCTR validation set with Xu data set and com-
paring Greene data set with Xu data set.

Predictive performance of the QSAR DILI model in the ten-
fold cross-validations on drugs that belong to different therapeutic 
subgroups was analyzed using the second level Anatomical 
Therapeutic Chemical (ATC) code. The results showed that the 
drugs in the 22 therapeutic subgroups were predicted more 
 accurately than the rest drugs and were determined as the high- 
confidence subgroups; while the drugs in the remaining 18 thera-
peutic subgroups were more difficult to predict and were termed as 
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the low-confidence subgroups. The results demonstrated that the 
QSAR model could be used for human DILI prediction, especially 
for the high-confidence therapeutic subgroups.

4 Perspectives

Appropriate annotation of DILI risk in humans is extremely impor-
tant for the development of robust QSAR models for prediction of 
DILI risk in humans. Many DILI risk annotation (or classification) 
methods have been proposed and are based on different information 
such as case reports and the FDA approved drug labels. A better 
DILI risk annotation system for a large number of drugs is expected 
to improve the performance of QSAR models for DILI prediction, 
therefore we will see more efforts to develop comprehensive 
approaches for DILI risk annotation by integration of rich data on 
drugs such as causality, frequency, and severity of DILI observed in 
preclinical and clinical studies, case reports of postmarketing surveil-
lances, and drug labels approved by the FDA. Challenges remain in 
annotation of DILI risk in humans due to the dynamic nature of 
DILI risk assessment. The DILI annotation for the same drugs may 
be changed after QSAR models are developed when new evidence is 
obtained to revise their DILI annotation.

Description of molecules in numerical way is critical for the 
success of development and application of QSAR models for DILI 
prediction. Training a DILI QSAR model is to define a mathemati-
cal function for converting the numerical description of drugs to 
their potential human DILI risk categories. Thus, the complete-
ness in chemical space, information content, redundancy, and mix-
ture of units of the numerical description of molecules play roles in 
the development of QSAR models. It is a huge challenge, if not 
impossible, to have the best and unique set of molecular descrip-
tors for QSAR model development. Unlike shallow neuro net-
works that map numerical description of chemicals to their activity 
values, a deep learning QSAR model consists of many mapping 
units in a layered and hierarchical way to optimize accuracy of the 
model. A deep learning neuro network learns descriptions of the 
molecules in multiple levels of abstraction with the final layer map-
ping the last description to bioactivity values. Deep learning has 
shown success in QSAR modeling, especially for large data sets 
[37, 101]. It is expected that more deep learning algorithms will 
be developed for DILI QSAR modeling.

The most vital process in QSAR modeling is validation of the 
developed models. Cross-validation is used to measure the robust-
ness and reliability of the models, while a holdout validation is used 
to measure the performance of a specific model on the holdout set. 
External validation is used to estimate how well a specific model can 
be generalized in predictions, and therefore wider use of the model.
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Chapter 6

An Introduction to DILIsym® Software, a Mechanistic 
Mathematical Representation of Drug-Induced Liver Injury

Christina Battista, Brett A. Howell, Scott Q. Siler, and Paul B. Watkins

Abstract

Drug-induced liver injury (DILI) is one of the primary reasons why a new drug candidate may fail during 
development. To address this challenge, a mathematical representation, DILIsym®, has been developed as 
a result of an ongoing public-private partnership involving scientists from industry, academia, and the 
FDA. DILIsym employs mathematical representations of mechanistic interactions and events from drug 
administration through the progression of liver injury and regeneration to the release of traditional and 
novel serum biomarkers. The model parameters are varied to recreate population variation in DILI suscep-
tibility. Using in vitro data to represent potential mitochondrial dysfunction, bile acid transporter inhibi-
tion, and/or reactive oxygen species generation, DILIsym has been able to predict the in vivo liver safety 
profile in individuals and in simulated populations for a growing list of drugs. DILIsym is being increas-
ingly used to assist in decision making throughout the development pipeline, from predicting interspecies 
differences and their hepatotoxicity potential to aiding in the design of dosing regimens to minimize 
hepatotoxicity when this liability is identified. Furthermore, DILIsym’s incorporation of the release and 
clearance kinetics of traditional and emerging serum biomarkers can improve interpretation of potential 
liver safety signals. This chapter outlines the interactions and toxicity mechanisms included in DILIsym 
and the process of representing a compound in the software. Examples of toxicity profile predictions and 
biomarker interpretations are included along with future directions for the software.

Key words Drug-induced liver injury (DILI), DILIsym, Mechanistic modeling, Quantitative systems 
toxicology, Quantitative systems pharmacology, Hepatotoxicity predictions

1 Introduction

Currently, drug development is an expensive, lengthy process with 
rising research costs and an abundance of regulatory requests, 
most of which require longer clinical studies. These are some of the 
challenges facing the pharmaceutical industry, coincident with 
fewer drug candidates available in the pipeline. One possible 
method to increase pharmaceutical efficiency is to improve drug 
safety early on in development, thereby avoiding problematic safety 
signals during clinical trials. While this is easier said than done, 
retrospective analyses of adverse event drug withdrawals or drugs 
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terminated during development have demonstrated that there is 
potential to select not only better compounds but also to increase 
preclinical attrition rates [1].

Given the complexity of seeing a drug through the develop-
ment process to the market, pharmaceutical companies are address-
ing safety concerns from different approaches such as cell-free and 
cell-based assays, animal experiments, animal models, and compu-
tational models [2–7]. This chapter outlines one such computa-
tional approach, DILIsym, which is software containing a 
mathematical model aimed at improving liver safety in drug devel-
opment by simulating the mechanistic interactions and events from 
dosing through the progression of liver injury and regeneration. 
Development of the DILIsym software has been supported by the 
DILI-sim Initiative, a consortium consisting of pharmaceutical 
companies whose prevailing voices guide development to ensure 
that the model is of maximum utility as it is developed within their 
respective organizations.

2 Method and Materials

The DILIsym software is designed to provide an enhanced under-
standing of the DILI hazard posed by an individual molecule dur-
ing drug development. The software also provides deeper insight 
into the mechanisms that contribute to observed DILI responses 
at various stages throughout the development process.

DILIsym (version 5A) is built in the MATLAB (The 
MathWorks, Natick, MA) computing platform, enabling users to 
work directly with the MATLAB code or use the graphical user 
interface (GUI). Within the GUI, the user has the ability to specify 
new experiments, including but not limited to compound, dose, 
dosing frequency and duration, toxicity mechanism(s), and species 
(Fig. 1). The software can run simulations for individuals or popu-
lations and utilizes parallel computing for quicker results when 
applicable. The GUI allows users to visualize results within 
MATLAB or export results to a spreadsheet where further analysis 
can be performed using the software of choice.

DILIsym is constructed using a “middle-out,” multiscale approach 
which involves mechanistic modeling of detailed, essential pro-
cesses in liver physiology together with the molecular and systemic 
levels necessary to capture key mechanisms or qualitative  outcomes, 
respectively. The model consists of a number of differential and 
algebraic equations, parameters, and a hefty reference library list 
which has been used to support model decisions (Table 1). It 
includes key liver cell populations, e.g., hepatocytes and Kupffer 
cells, intracellular biochemical systems, e.g., mitochondrial bioen-
ergetics, and whole body dynamics, e.g., drug distribution and 
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metabolism, to predict DILI in mice, rats, dogs, and humans. 
Mechanistic representation of preclinical species and humans 
allows for the extrapolation of preclinical data to prospective 
 predictions of hepatotoxicity in humans. The model is organized 
into smaller submodels, where the submodels are mathematically 
integrated to simulate an organism level response. An overview of 
DILIsym and its submodels is shown in Fig. 2. These submodels 
are integrated to generate liver outcome predictions, heavily 
dependent on hepatocyte death and regeneration (the hepatocyte 
life cycle) and the release and clearance of serum biomarkers. Brief 
descriptions of submodels are given in Table 2.

Fig. 1 DILIsym graphical user interface (GUI): (a) SimSingle saves all parameter sets under a user-defined 
name that can be reloaded or shared between computers; (b) User-defined parameter sets pertaining to spe-
cies, drug, caloric intake, dosing scheme, simulation time, and solver settings; (c) Input Panel which can save 
all values (default) or just user-specified values for quicker computation; (d) Simulate in one individual; (e) Run 
in Parallel to simulate multiple SimSingles simultaneously; (f) SimPops feature; (g) Parameter Sweep feature; 
(h) Data Comparison feature; (i) Specify Data feature
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DILIsym includes baseline animals and humans to provide 
insight about DILI responses in the average individual, but 
DILIsym also predicts outcomes on a population level by varying 
key model parameters in simulated populations, or SimPops™. 
Alternate parameterizations of the model with distribution con-
straints are used to account for inter-individual variability and 
generate SimPops. Important model parameters that are varied in 
SimPops include baseline glutathione levels, cellular response to 
oxidative stress, hepatocellular stress recovery speed, and inflam-
mation, among others. Literature was used to identify mean 
and range values along with the distribution for a given parameter. 

Table 1 
Quantitative descriptors of the DILIsym model (version v5A)

Model descriptor Count

Ordinary differential equations 588

Algebraic expressions 1200

Parameters characterizing the species (mouse, rat, human, dog) 616

Parameters characterizing the caloric intake 14

Parameters characterizing the drug 841

Parameters characterizing the dosing quantity, dynamics, and route 206

References library entries 5510

Fig. 2 DILIsym overview showing qualitative interactions between submodels. Reprinted with permission 
from [68]
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Table 2 
Brief descriptions of the DILIsym submodels

Submodel Description

PBPK (drug distribution and metabolism) Describes the disposition of the parent compound and its 
major metabolites, including absorption, distribution, 
metabolism, and excretion

Unconjugated reactive metabolite Describes the link between unconjugated reactive 
metabolites and ROS production

Lipotoxicity Describes the link between saturated fatty acids and ROS 
production

Reactive oxygen/nitrogen species (ROS/
RNS)

Describes the rates of ROS/RNS production plus any 
contribution from parent compound or metabolites

Intracellular bile acids Describes the uptake and efflux of bile acids into and out 
of hepatocytes, including competitive or 
noncompetitive inhibition of relevant transporters

Mitochondrial dysfunction and toxicity Describes glycolytic function, the production of ATP, and 
any dysfunction in ATP synthesis due to ETC 
inhibition, mitochondrial uncoupling, or direct 
inhibition of ATP synthesis

Hepatocyte life cycle Includes apoptosis, necrosis, and proliferation rates for 
hepatocytes based on compound-mediated effects. 
When fewer hepatocytes are available, this submodel 
has the ability to impact drug disposition

Innate immune response Includes life cycle models for liver macrophages and 
LSECs, along with their respective mediator production 
in response to inflammatory signals

Biomarkers Models the dynamics of traditional biomarkers (ALT, 
AST, TBIL, prothrombin time) and some emerging 
biomarkers (HMGB1, miR-122, SDH, etc.) as 
functions of liver injury

This process was repeated for other parameters and then specific 
parameter values were combined to create unique individuals, with 
most SimPops consisting of 100–300 individuals. However, the 
range of parameters employed within these SimPops should reflect 
population heterogeneity existing in far larger real life populations. 
Specific SimPops have been constructed to model the effects of 
drugs in a normal healthy volunteer population, a type II diabetes 
population, a nonalcoholic fatty liver disease (NAFLD) popula-
tion, as well as smaller cohorts of simulated individuals from each 
population who are particularly susceptible to certain mechanisms 
of toxicity. Additional SimPops are added as necessary to model 
relevant target populations and can be constructed to account for 
variability in drug disposition by including variability in metabolism 
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and distribution parameters. SimPops have been used to explore 
the risk of methapyrilene toxicity across species [8] and to assess 
the effectiveness of varying courses of NAC treatment in humans 
[9]. DILIsym also contains SimPops for rats, mice, and dogs, akin 
to those for human populations.

Since the first version release in 2012, DILIsym has incorpo-
rated many additional features by utilizing scientific literature, 
novel experiments, clinical trials and reports, expert opinions, and 
basic scientific principles to optimize and validate the software. 
The submodels have been built, refined, validated, and tested by a 
number of exemplar compounds whose outcomes were known and 
whose quantitative data sets have been included within the soft-
ware. To facilitate review of these data sets, DILIsym’s Data 
Comparisons feature (Fig. 1h) displays comparisons of simulation 
results with these data.

Cellular processes essential to mathematical modeling of DILI 
have been explored and are included in DILIsym, and Fig. 2 is a 
summary of these processes and their interactions. For instance, 
drug metabolism and distribution provides predictions of the 
hepatic exposure of the parent compound and/or metabolite with 
the potential to interact with mechanistic pathways associated with 
hepatotoxicity: inhibition of bile acid transporters, generation of 
reactive metabolites, disturbances in reactive oxygen species, 
 mitochondrial toxicity, and lipotoxicity. These submodels interact 
with each other and, together or individually, can disrupt the hepa-
tocyte life cycle by inducing apoptosis and/or necrosis. 
Furthermore, there is the potential for an interaction with the 
innate immune system which can either exacerbate or ameliorate 
injury and provide support for hepatocellular regeneration post-
injury. DILIsym also includes a submodel that captures the dynam-
ics for serum biomarkers of hepatocellular injury, comparable to 
what can be measured in the clinic. While Fig. 2 displays the quali-
tative interactions, quantitative biochemical and cellular relation-
ships between submodels have been determined through basic 
biochemical and physiological concepts/data and by exemplar 
drugs of hepatotoxicity. Exemplars for reactive metabolite-based 
hepatotoxicity include acetaminophen [8–10], methapyrilene [8], 
furosemide, and carbon tetrachloride. Buprenorphine and eto-
moxir were some of the exemplar compounds used to quantify 
mitochondrial toxicity, and for bile acid-mediated toxicity, bosen-
tan and telmisartan [11] were used. Additionally, there have been 
exemplars with combinations of mechanisms such as CP-724,714 
[11]. For each new compound, DILIsym predicts injury solely 
based on features of that compound in comparison to the afore-
mentioned exemplars [12–15]. Moreover, DILIsym has utilized 
pairs of compounds such as tolcapone and entacapone [14] or 
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troglitazone and pioglitazone [12] to show its capability to predict 
“toxic” or “clean” for each drug in the pair, designating these 
positive and negative controls as “clean/toxic” pairings.

Compounds and their stable or reactive metabolites can increase 
the production of reactive oxygen/nitrogen species (ROS/RNS) 
in hepatocytes by proposed mechanisms such as reduction in cel-
lular antioxidants or direct reactive metabolite-membrane interac-
tions. Modest increases in ROS/RNS can lead to activation of 
caspase enzymes, triggering caspase-mediated hepatocellular 
apoptosis. Greater increases in ROS/RNS can cause reductions of 
hepatocellular ATP, which in turn disrupts other cellular processes 
and can result in necrosis (see “Mitochondrial Toxicity Submodel” 
section).

Within DILIsym, ROS/RNS can be generated in any zone of 
the liver and spread to directly adjacent zones through a gradient 
driven, first-order process. The parameters describing the spread-
ing across the zones are based on the overall liver ROS/RNS data 
for mice and rats [16–19] and detailed images of gap junction- 
mediated spreading in [20]. Because no liver ROS/RNS data were 
available for humans or dogs following acute liver injury, explora-
tion from the rodents was combined with endpoint dose-response 
data in humans and dogs to determine the appropriate parameter 
values. Many of the parameters pertaining to downstream injury, 
such as those defining how ROS/RNS affects ATP production and 
how ATP levels induce necrosis, were held constant across the 
species.

Disruptions in mitochondrial function can easily contribute to 
DILI, being that mitochondria are responsible for the majority of 
cellular ATP synthesis. A disruption in ATP synthesis leads to lower 
ATP levels which can trigger disturbances in other cellular pro-
cesses and ultimately result in necrotic cell death [21]. Parent com-
pounds or their metabolites can disrupt ATP production in a 
number of ways, namely reduction in the mitochondrial proton 
gradient via uncoupling, inhibition of the electron transport chain 
(ETC) flux, or direct inhibition of ATP synthesis. Changes in 
ROS/RNS (as discussed previously) can also decrease ATP 
synthesis.

DILIsym includes the above pathways by representing plasma 
glucose, glycolysis, and dynamic regulation of the mitochondria 
ETC activity, substrate utilization, and the proton gradient. A 
companion software, MITOsym®, also made up of differential 
equations and representing in vitro mitochondrial function, was 
developed alongside DILIsym to address the transition from in 
vitro data to in vivo predictions [22]. The cellular parameters 
included are oxygen consumption rate (OCR) and extracellular 
acidification rate (ECAR), which are used to determine changes in 
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ETC activity and glycolytic function. Experimental data from 
HepG2, primary human hepatocytes, and primary rat hepatocytes 
treated with exemplar ATP disruptors—rotenone (ETC inhibitor), 
oligomycin (ATP synthesis inhibitor), and FCCP (uncoupling 
agent)—were used to optimize MITOsym [22–25]. The quantita-
tive relationships in these pathways were than translated from 
MITOsym to DILIsym to predict in vivo effects. While MITOsym 
includes many mitochondrial contributions found within DILIsym, 
DILIsym represents additional contributions to mitochondrial 
function, such as fatty acids and mitochondrial biogenesis.

Bile acids are crucial regulatory molecules regulating lipid and 
glucose homeostasis. However, bile acids can wield toxic effects 
when they accumulate in hepatocytes [26], and the toxicity of bile 
acids correlate with their hydrophobicity [27]. Inhibition of the 
hepatic efflux transporters, bile salt export pump (BSEP) and mul-
tidrug resistance-associated protein (MRP3 and MRP4), by drugs 
may result in supraphysiological concentrations of toxic bile acids, 
leading to hepatotoxicity [28–31].

Bile acids are transported from sinusoidal blood across the 
basolateral membranes into hepatocytes and across the canalicular 
membranes into bile. They are taken up from the sinusoidal blood 
into hepatocytes mainly by sodium taurocholate cotransporting 
polypeptide (NTCP) transporters, although organic anion trans-
porting polypeptides (OATPs) can also transport bile acids into 
hepatocytes. Once bile acids enter hepatocytes, they are metabo-
lized and excreted into the bile predominantly via BSEP in an 
ATP-dependent matter [32]. They can also be excreted into the 
sinusoidal blood via MRP3, MRP4, or organic solute transporter 
(OST-) α/β [33–35]. After secretion into bile, bile acids undergo 
enterohepatic recirculation with about 90–95% of the bile acids 
being reabsorbed from the intestinal lumen by apical sodium- 
dependent bile acid transporter (ASBT) or by passive diffusion. 
Bile acid homeostasis is tightly regulated through multiple nuclear 
receptors, namely the farnesoid X receptor (FXR), the constitutive 
androstane receptor (CAR), and the liver X receptor (LXR) 
[36–38].

DILIsym represents the synthesis, metabolism, transport, and 
enterohepatic recirculation of lithocholic acid (LCA), chenodeoxy-
cholic acid (CDCA), and their respective conjugates in addition to 
a bulk bile acid pool to account for the rest of the bile acid species 
[39]. LCA and CDCA are known to be hydrophobic and cyto-
toxic, commanding their specific inclusion in DILIsym [27]. 
Additionally, LCA and CDCA conjugates are reported to be potent 
activators of FXR [38], which downregulates bile acid synthesis 
enzymes, downregulates uptake transporters, and upregulates 
efflux transporters at both the canalicular and basolateral 
membranes.

Bile Acid Homeostasis 
Submodel
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Hepatic bile acid transport processes are represented using 
saturable Michaelis-Menten kinetics whose Km values were 
obtained from available literature and Vmax values were optimized 
to known bile acid profiles in humans, dogs, and rats [40, 41]. 
Inhibition of any of the hepatic transporters can be simulated as 
competitive or noncompetitive, based on the available data, and 
with inhibition constants (i.e., Ki or IC50) for the parent compound 
and its metabolite(s). The type of transporter inhibition can have 
profound effects on the bile acid mediated hepatotoxicity [11]. If 
no data are available to determine competitive or noncompetitive 
inhibition of a particular transporter, the DILIsym developers rec-
ommend assuming competitive inhibition with α = 5 but also rec-
ommend performing additional sensitivity analysis simulations to 
probe this assumption. In addition, the efflux transporters are 
ATP-dependent functions; depletion of hepatic ATP results in 
impaired transporter function. Increased accumulation of bile acids 
in hepatocytes inhibits hepatic ATP synthesis, thereby decreasing 
intracellular ATP concentrations, ultimately leading to necrotic cell 
death. This results in elevations in serum biomarkers of hepatocel-
lular injury and function.

The innate immune system has been shown to contribute to APAP 
hepatotoxicity, and thus, parts of the innate immune system have 
been incorporated into DILIsym. The submodel currently includes 
liver macrophages (Kupffer cells), liver sinusoidal endothelial cells 
(LSECs), tumor necrosis factor alpha (TNF-α), interleukin-10 
(IL-10), acetylated high mobility group box protein (acHMGB1), 
and hepatocyte growth factor (HGF). The submodel was con-
structed in such a way that additional elements can easily be incor-
porated in the future, e.g., neutrophils.

The cell population life cycles for macrophages and LSECs 
include recruitment, maturation/differentiation, local prolifera-
tion, and apoptosis [42]. Mature cells can be activated by cell death 
or inflammatory signals and drive mediator release. The media-
tors—TNF-α, IL-10, acHMGB1, and HGF—can modulate hepa-
tocyte cell death and proliferation/regeneration, exacerbating 
injury or ameliorating it, respectively. Mediators also upregulate or 
downregulate production of other mediators, e.g., IL-10 inhibits 
HMGB1 and TNF-α production [43] while TNF-α upregulates its 
own production as well as that of the other mediators [44–47].

DILIsym includes classic serum biomarkers such as alanine amino-
transferase (ALT), aspartate aminotransferase (AST), total biliru-
bin (TBIL), and prothrombin time, but it also incorporates 
emerging biomarkers of DILI such as HMGB1, cytokeratin 18 
(K18), sorbitol dehydrogenase (SDH), Arginase-1 (Arg-1), and 
micro-RNA 122 (miR-122.) A list of the biomarkers and their 
implications are given in Table 3.

Innate Immune Submodel

Biomarkers in DILIsym
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In DILIsym, serum levels of both conjugated and unconjugated 
bilirubin in the model are regulated by changes in clearance, medi-
ated by glucuronidation and transport of bilirubin out of hepato-
cytes. These rates can be further regulated by cellular ATP levels, 
mimicking liver injury severity as described in the bile acid sub-
model. The enzyme- and transporter-mediated hepatobiliary dis-
position of bilirubin enables simulations of drug-induced 
hyperbilirubinemia mediated by either the inhibition of the biliru-
bin conjugating enzyme (UGT1A1) or transporters in the absence 
of overt liver injury [15].

Both plasma and liver bilirubin pools consist of unconjugated 
and conjugated bilirubin, where OATP1B1/B3 facilitates hepatic 
uptake of unconjugated bilirubin and hepatic reuptake of conju-
gated bilirubin [48–50]. UGT1A1 mitigates the conversion of 
unconjugated bilirubin in the liver [51], and conjugated bilirubin 
is excreted into the bile via MRP2 or MRP3 [52, 53]. Any of these 
processes can be inhibited by compounds or their metabolites, 
leading to hyperbilirubinemia.

HMGB1 is a damage-associated molecular pattern (DAMP) mol-
ecule capable of activating immune cells. Many forms of HMGB1 
are found within DILIsym: an active, nonacetylated form repre-
senting the disulfide and fully reduced forms released directly from 
hepatocytes undergoing primary necrosis; an active, acetylated 
form representing HMGB1 secreted by active immune cells; and 
an inactive, nonacetylated form representing the sulfonyl form 
generated by caspase-mediated cell death [54–60]. Levels of active, 
nonacetylated HMGB1 are driven by hepatocyte necrotic flux, 

Bilirubin

Emerging Biomarkers 
in DILIsym

Table 3 
Biomarkers of DILIsym with corresponding category of injury

Marker Category References

Alanine aminotransferase (ALT) Necrosis [69–73]

Total bilirubin (TBIL) Function/cholestasis [70, 71, 74]

Aspartate aminotransferase (AST) Necrosis [69–73]

Prothrombin time Function [70, 73]

High mobility group box protein 1 (HMGB1) Necrosis/apoptosis [73, 75]

Full length cytokeratin-18 (FL-K18) Necrosis [73]

Cleaved cytokeratin-18 (cK-18) Apoptosis [73]

Sorbitol dehydrogenase (SDH) Necrosis [72, 73]

Arginase-1 (Arg-1) Necrosis [76]

Liver-derived mRNA and miRNA Necrosis [77, 78]
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whereas levels of inactive, nonacetylated HMGB1 are driven by 
apoptotic flux and subsequent secondary necrosis triggered by 
high rates of apoptosis. Acetylated HMGB1 is driven by macro-
phage activation and the number of mature macrophages. Together 
with TNF-α, active nonacetylated HMGB1 positively regulates 
macrophage activation and the subsequent release of pro- and anti- 
inflammatory cytokines.

Cytokeratin 18 (K18) has two forms in DILIsym: full-length 
(FL-K18) and caspase-cleaved (cK-18). The former is released into 
serum when hepatocyte necrosis occurs, while the latter is pro-
duced when apoptosis occurs. During apoptosis, a fraction of the 
K18 within hepatocytes is cleaved [61–63]. When necrosis and 
apoptosis occur simultaneously, FL-K18 is released from necrosis 
and high levels of apoptosis, and cK18 is released from high levels 
of apoptosis (or secondary necrosis).

SDH, Arg-1, and miR-122 levels are likewise driven by the 
rates of hepatocyte necrosis and apoptosis in DILIsym. Much like 
ALT and AST, hepatocyte death due to necrosis is assumed to leak 
cellular SDH, Arg-1, and miR-122 into circulation. However, the 
release of these biomarkers from apoptotic hepatocytes is more 
complex; they are not released when the rate of hepatocyte apop-
tosis occurs at very low levels. At low levels of apoptosis, the 
cleanup of cellular debris is assumed to be very efficient such that 
cellular contents are not leaked into circulation during phagocyto-
sis. However, at high levels of apoptosis, macrophages become 
saturated, cell cleanup becomes inefficient, and cellular contents, 
i.e., biomarkers such as ALT, AST, SDH, Arg-1, and miR-122, are 
leaked into circulation.

While not biomarkers, DILIsym represents many other critical 
model outputs that help to assess the level of liver injury such as 
the fraction of viable hepatocytes, liver levels of adenosine triphos-
phate (ATP) and glutathione (GSH), and other various PK out-
puts. The fraction of viable hepatocytes, reflecting net loss and 
regeneration, is computed over time and can be directly viewed as 
an output. Thus, for a given ALT profile, DILIsym can be used to 
predict hepatocyte loss. An example of this will be discussed later 
in the chapter.

Simulating each compound in DILIsym can be somewhat unique 
depending on the compound characteristics, but the same general 
flow follows for all compounds. First, a physiologically-based phar-
macokinetic (PBPK) model must be constructed or adapted from 
an existing model. Data for constructing the PBPK model can gen-
erally be found in literature or from early stages of drug develop-
ment. Alternatively, an existing PBPK model produced in another 
software platform can be adapted to the DILIsym PBPK submodel 
inputs or the outputs of the already-existing model, i.e., drug and 
metabolite concentrations in the liver, can be specified within 
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DILIsym using the Specify Data feature (Fig. 1i). Constructing the 
PBPK model within DILIsym requires optimization of relevant 
compound-specific parameters found by iteratively comparing sim-
ulated results to experimental data until the determined accuracy is 
achieved. For certain compounds, this requires also modeling the 
major metabolites, particularly if they are thought to have hepato-
toxic liabilities.

In vitro experiments relating to DILIsym’s three major mecha-
nisms of toxicity, i.e., ROS production, mitochondrial dysfunction, 
and bile acid transporter inhibition, are then used to identify and 
activate the relevant toxicity submodels within DILIsym. The data 
must be quantified and translated to the appropriate DILIsym 
parameter values. For mitochondrial toxicity parameters, this is 
sometimes achieved using DILIsym’s sister software, MITOsym 
[22]. Parameters relating to ROS production can be determined 
within DILIsym, and IC50 or Ki values for bile acid transporter 
inhibition can be directly input into the software.

Once the disposition and toxicity mechanisms of the parent 
compound and any of its major metabolites have been included in 
DILIsym, simulations can be performed across multiple drug lev-
els with various dosing schemes to characterize simulated outcome 
measures and alterations in the underlying biology. Simulations in 
the baseline individual/subject give insight into a compound’s 
effect on the average representative of that species. Further analysis 
can be performed by simulating a normal, healthy population or a 
diseased population (if applicable/available) with existing SimPops. 
This provides a better prediction for toxicity outcomes associated 
with a larger population sample. Additional examples of DILIsym’s 
capabilities will be discussed in the next section.

3 Results

The most evident uses of DILIsym may be to predict liver toxicity 
outcomes in a population, or to optimize a dosing scheme to mini-
mize toxicity signals. However, DILIsym, as with most computa-
tional tools, can serve multiple purposes. DILIsym can predict 
other outcomes, such as viable liver mass, or test hypotheses that 
otherwise cannot be tested. The following examples display the 
predictive power of DILIsym to date.

Troglitazone (TGZ), the first thiazolidinedione drug approved in 
worldwide markets for the treatment of type II diabetes, caused 
delayed, life-threatening DILI in some patients but was not found 
to be hepatotoxic in rats. Fourteen years after TGZ had been with-
drawn from the market, TGZ was represented in DILIsym, as well 
as its major metabolite, TGZ sulfate (TS). In vitro vesicular trans-
port assays suggested that TGZ and TS alter bile acid homeostasis 
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[12] by inhibiting BSEP, MRP4, and NTCP. DILIsym was used to 
evaluate the in vivo hepatotoxic potential of TGZ using inhibition 
constants determined by in vitro data. To test the role that bile acid 
accumulation had on hepatotoxicity of TGZ, other potential 
mechanistic contributors to DILI were not included in these 
simulations.

The disposition of TGZ and TS were represented in DILIsym, 
the bile acid toxicity mechanism was activated and quantified, and 
human and rat SimPops with variability in bile acid homeostasis 
parameters were used to predict ALT elevations in both species. 
Multiple dose levels were evaluated for each species, and DILIsym 
accurately predicted outcomes; no hepatotoxicity was predicted for 
the rat population, and some ALT elevations >3× the upper limit 
of normal (ULN) were predicted in the human population as 
shown in Fig. 3. These results were in line with the previously 
reported results from preclinical experiments and clinical trials. 
Had these simulations been performed in advance of the clinical 
trials, this risk in humans would have been highlighted, and clinical 
trials might have been designed differently.

DILIsym not only captures differences in species ALT eleva-
tions, but it can also be used to address “what if” scenarios. With 
TGZ, the model was used to investigate how each bile acid trans-
porter contributed to the predicted toxicity. By performing simula-
tions where inhibition of a single transporter is turned off, the 
effect of inhibition of that particular transporter becomes apparent 
(Table 4). Pertaining to 600 mg/day dosing for a month, TGZ- 
and TS-mediated toxicity decreases to virtually no ALT elevations 
when BSEP or MRP4 inhibition is removed. However, when 
NTCP inhibition is no longer active, an increase in toxicity is 
observed, corresponding to an increase in the uptake of bile acids 
into the hepatocyte followed by subsequent inhibition of efflux 
transporters. This type of investigation is possible through compu-
tational modeling but would otherwise be extremely difficult to 
explore.

Entolimod, a Toll-like receptor 5 agonist, produced marked eleva-
tions in serum ALT exceeding 1000 U/L in some healthy volun-
teers, but the duration of the elevations were noted to be quite 
brief. DILIsym simulations were used to estimate the percentage 
of total hepatocytes that underwent necrosis in these subjects [64]. 
This was accomplished by first optimizing DILIsym to produce the 
liver enzyme profiles observed during the study, and then the level 
of hepatocyte loss predicted by the model to produce the ALT 
profiles was assessed.

ALT release from hepatocytes is driven by necrosis and apop-
tosis (secondary necrosis) rates. By studying the serum ALT levels 
associated with potential liver toxicity, the loss of hepatocytes can 
be inferred based on this dynamic ALT level. Furthermore, the 
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relationship between distribution of patients within a predicted 
ALT range and probability of severe liver injury can be deduced, 
such as was done with Entolimod.

Figure 4a shows serum ALT time course data from healthy 
volunteers after receiving a single dose of Entolimod. DILIsym 
was used to capture three ALT time courses corresponding to the 
maximum peak ALT observed, the upper 95th percentile peak 
ALT observed, and the median peak ALT observed (Fig. 4b). 
From these profiles, the maximum hepatocyte loss was determined 
(Fig. 4c). For the majority of volunteers receiving Entolimod, the 
predicted hepatocyte loss was less than 0.5% of their baseline value. 
The maximum responder whose ALT peak was greater than 
1000 U/L was predicted to have lost at most 3.5% of their 

Fig. 3 DILIsym predicts species differences in troglitazone hepatotoxicity. (Left) No rat hepatotoxicity is pre-
dicted with oral doses of 5 (blue circle) or 25 (red diamond) mg/kg/day for 6 months, in line with preclinical 
experiments. (Right) Human ALT elevations >3× ULN predicted in 0.3%, 3.0%, and 5.1% of the simulated 
population after oral doses of 200 (green triangle), 400 (blue circle), or 600 (red diamond) mg/day for 6 months, 
respectively. Reprinted with permission from [12]

Table 4 
Simulations with TGZ and TS bile acid transporter inhibition to investigate the contribution each 
transporter has on predicted toxicity

Transporter Simulation I Simulation II Simulation III Simulation IV

BSEP inhibition Active Inactive Active Active

MRP4 inhibition Active Active Inactive Active

NTCP inhibition Active Active Active Inactive

ALT > 3× ULN 3.6% (12/331) 0.3% (1/331) 0.3% (1/331) 5.1% (17/331)

TBIL > 2× ULN 0.6% (2/331) 0% (0/331) 0% (0/331) 1.2% (4/331)

Death 0.3% (1/331) 0% (0/331) 0% (0/331) 0.3% (1/331)

Results from individuals dosed 600 mg/day for a month
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 hepatocytes. Although the observed and modeled serum ALT levels 
seem severe, a minimal fraction of hepatocytes were lost.

A SimPops was constructed with variability in key parameters 
related to ALT production, e.g., ALT content per hepatocyte, and 
clearance to simulate potential inter-individual variation in the rela-
tionship between serum ALT time-course profiles and loss of 
 hepatocyte mass (Fig. 4d). Figure 4d functions as a look-up table 
for ALT time-course profiles exhibited by Entolimod responders. 
For example, a maximum observed ALT response of 1001–
1100 U/L corresponds to an estimated 2.6–4.9% loss of 
hepatocytes.

Fig. 4 DILIsym estimates the viable liver mass based on ALT signals for Entolimod. (a) ALT profiles for healthy 
volunteers. (b) The maximum ALT value observed (black line) was used along with the time-course dynamics 
for ALT to optimize DILIsym simulations (red line.) Also shown are the upper 95th percentile and median ALT 
observations with their respective DILIsym simulated ALT profiles. (c) Estimated maximum level of hepatocyte 
loss after Entolimod dosing in the DILIsym model corresponding to the maximum, 95th percentile, and median 
peak ALT responses measured in the clinical trial. (d) Range of predicted hepatocyte loss (% of baseline) as a 
function of observed peak ALT range in healthy volunteers. The dashed lines indicate the predicted range of 
hepatocyte loss associated with the observed maximum ALT level in normal healthy volunteers dosed with 
Entolimod. Reprinted with permission from [64]
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However, Fig. 4d is specific to observed ALT elevations associ-
ated with Entolimod treatment; various ALT profiles with differ-
ent kinetics and the same peak have vastly different predictions for 
hepatocyte loss [64]. Because of extensive biopsy studies carried 
out in patients who have experienced liver injuries due to acet-
aminophen [65], it has been possible to link percent hepatocyte 
loss to loss of global liver function, including rises in serum biliru-
bin and INR (a blood clotting parameter). Results such as those in 
Fig. 4d, tailored to the drug-specific time dependent profile of 
serum ALT, have been used to determine the likelihood of achiev-
ing sufficient loss of hepatocyte mass to result in a rise in serum 
bilirubin to exceed 2× ULN, i.e., a Hy’s law case. A Hy’s law case 
is considered by regulatory agencies as the most reliable indicator 
of a drug’s potential to cause liver failure. Such analyses in DILIsym 
can enable determination of how near (or far) each subject experi-
encing serum ALT elevations may have been from qualifying as a 
Hy’s law case, leading to a more efficient benefit-risk analysis.

CKA, a chemokine receptor antagonist, was an investigational 
drug shown to inhibit multiple bile acid and bilirubin transport-
ers [66]. It caused minimal serum ALT increases in humans but 
induced dose-dependent serum ALT increases in rats. DILIsym 
was able to capture the species differences in hepatotoxicity 
[67]. In all rats, CKA induced hyperbilirubinemia, regardless of 
ALT elevations which were only observed in a subset (Fig. 5). 
This suggests that factors other than liver injury contributed to 
bilirubin increases, and DILIsym was used to investigate this 
hypothesis [15].

3.3 CKA

Fig. 5 DILIsym determines whether observed increases in bilirubin are due to 
liver damage or inhibition of bilirubin transporters by CKA. Maximum serum TBIL 
fold-change from baseline for increasing doses of CKA simulated with combined 
effects of hepatotoxicity and bilirubin transporter inhibition, hepatotoxicity only, 
or bilirubin transporter inhibition only. Reprinted with permission from [15]
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Initial simulations incorporating CKA disposition, hepatotox-
icity mechanisms (ROS generation, bile acid transporter inhibi-
tion, and mitochondrial dysfunction), and bilirubin transporter 
inhibition in rats predicted average TBIL increases of 1.4-, 1.7-, 
and 2.1-fold at respective single doses of 50, 200, and 500 mg/kg. 
When the same dosing protocols were simulated without inhibi-
tion of bilirubin transporters, TBIL levels changed minimally: 1.0-, 
1.1-, and 1.2-fold change. However, when all toxicity mechanisms 
were deactivated and only bilirubin transport inhibition was 
included with CKA disposition, TBIL levels predicted 1.4-, 1.7-, 
and 1.9-fold changes. This indicates that the main contributor to 
simulated TBIL increases was inhibition of bilirubin transporters 
and not overt liver injury.

4 Conclusion and Future Directions

Although DILI has a variety of clinical presentations and can be 
mediated by multiple mechanisms, accurate predictions of the hep-
atotoxic potential of drug candidates have been demonstrated by 
DILIsym. By quantitatively characterizing perturbations in the 
biological system and integrating their effects with drug exposure, 
DILIsym has been able to predict in vivo hepatotoxicity in a num-
ber of species. The aforementioned applications of DILIsym 
showed how systems pharmacology modeling can be useful to pre-
dict the hepatotoxic potential of novel compounds based on in 
vitro and in vivo data, which show how the compound interacts 
with the biological pathways represented within the various sub-
models. As shown with Entolimod and CKA, biomarker elevations 
can be used to estimate the hepatocyte loss and gauge liver dam-
age, serious or otherwise, and in cases similar to troglitazone, 
DILIsym can be used to predict species differences and test experi-
mental conditions that would otherwise be unfeasible.

Future directions extend DILIsym into other related areas. 
One such example is NAFLDsym™, a novel quantitative systems 
pharmacology (QSP) representation of nonalcoholic fatty liver dis-
ease (NAFLD). Despite substantial worldwide prevalence of the 
disease, NAFLD currently has few available treatment options. 
NAFLDsym has been developed to help accelerate clinical devel-
opment by reducing the number of required experiments. 
NAFLDsym mechanistically represents many of the key  components 
of steatosis and lipotoxicity, in addition to innate immune responses, 
hepatocyte turnover, and biomarkers. NAFLDsym also includes a 
distinct set of simulated population of patients with varying degrees 
of NAFLD pathophysiology and clinical presentation. This 
SimPops can be used to evaluate the efficacious potential for 
NAFLD targets and compounds in support of the clinical develop-
ment of NAFLD treatments.
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QSP or quantitative systems toxicology (QST) models, while 
useful in predicting many outcomes, do have some limitations. 
These computational tools must be continually maintained and 
updated as new science emerges, allowing the mathematical frame-
work to develop over time. Additional mechanisms and pathways 
supported by available data must be incorporated. In this way, cur-
rent gaps do exist within all in silico models, and DILIsym is no 
exception; for instance, work is currently being devoted into devel-
oping a mechanistic model of the adaptive immune response as it 
is likely to be a final mediator of many idiosyncratic drug reactions. 
At the same time, QSP/QST models help to facilitate and identify 
key areas where data gaps exist, guiding further experimentation. 
The iterative process of science pushes the computational model 
and experimental methods forward, expanding the current knowl-
edge and improving the ability to predict and prevent future 
instances of DILI.
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Chapter 7

Prediction of Human Liver Toxicity Using In Vitro Assays: 
Limitations and Opportunities

Franck A. Atienzar and Jean-Marie Nicolas

Abstract

This chapter provides a short review of the current challenges to predict the risk for drug-induced liver 
injury (DILI) in humans using in vitro assays. Simple single cell-type in vitro cytotoxicity assays may fail to 
predict complex in vivo interconnected mechanism-based toxicities. Additionally, the lack of standardiza-
tion of in vitro assays complicates data interpretation and makes assay comparison difficult. The selection 
of a given assay may depend on the DILI mechanism to be explored, short-term versus long-term culture, 
and the ability to study the toxicity of parent compounds or metabolites. Indeed, a single model is unlikely 
to address all the relevant mechanisms that can lead to liver toxicity. A better implementation of preclinical 
data as well as harmonization of current, emerging and novel in vitro systems should help to better predict 
human DILI. Case studies are also provided to illustrate how the in vitro assays can help to derisk preclini-
cal in vivo toxicity findings and to better predict clinical human liver toxicity outcomes. Opportunities in 
the DILI field are also discussed, in particular the need to use more relevant in vitro models to better 
mimic the in vivo situation (e.g., pathological state, long term exposure, integration of inflammatory com-
ponents), as well as the access to in vitro models from multiple species. Finally the use of relevant technolo-
gies (e.g., label free approach), in silico approaches integrating data from new chemical spaces, and the 
setting up of a preclinical DILI guidance from the scientific community and authorities are also important 
steps which should help the scientific community to improve DILI prediction.

Key words In vitro DILI assays, Limitations, Opportunities, Promises, Predictivity, In vitro–in vivo 
correlation, Technology, Guidance

1 Introduction

The prediction of intrinsic DILI has tremendously improved during 
the last decades in term of development of new technologies and 
hazard identification. Nevertheless, numerous challenges remain, 
especially with respect to the detection of idiosyncratic DILI, 
whose incidence is very low (e.g., 1–2 cases per million prescrip-
tions for diclofenac [1]), and which involves multiple factors, e.g., 
genetic, environmental, and physiological [2].
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2 Challenges and Drawbacks of In Vitro Models

Various well-established in vitro assays are routinely used at early 
stages of drug development to identify compounds devoid of 
genotoxicity [3] and cardiotoxicity [4] risks. This contrasts with 
the in vitro prediction of DILI which remains far more challenging 
for the pharmaceutical industry. The understanding of the patho-
physiological basis of DILI is still very rudimentary and involves 
multiple mechanisms and cell types. As a result, up to now, no 
consensus has been reached yet on the ideal set of predictive 
in vitro tools to detect and investigate DILI.

The structure of the liver is complex as illustrated in Fig. 1. 
It is composed of 60% hepatocytes and 40% of nonparenchymal 
cells including stellate cells, Kupffer cells, sinusoidal endothelial 
cells, biliary epithelial cells and immune cells [5]. Single cell-type 

2.1 Single Cell-Type 
In Vitro Cytotoxicity 
Assays Versus 
Multiple Mechanism-
Based Toxicity In Vivo

Fig. 1 Cellular composition and architecture of the liver. Hepatocytes have two basolateral sides that face 
the sinusoidal blood vessels. The apical side consists of invaginations of the plasma membrane of adjacent 
hepatocytes. These invaginations form the strongly interconnected bile canaliculi. Tight junctions separate 
the apical compartments from the basolateral compartment. For more details, please refer to [5]. Figure 
reproduced with permission
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assays measuring a few markers of late stage events in the cell injury 
process were firstly used to study liver toxicity [6]. These measured 
markers typically relate to cytolysis (e.g., LDH leakage), apoptosis 
(e.g., caspase activation), loss of critical macromolecules (e.g., ATP 
and GSH depletion), major metabolic dysfunction (e.g., neutral 
red uptake, MTT reduction), or antiproliferative effects [7–9]. 
Retrospective analysis of marketed pharmaceuticals revealed that 
such basal in vitro cytotoxic assays were poorly predictive of DILI 
[8]. Assays designed to detect acute late stage cell damage may 
miss hepatotoxic drugs that impair liver function without causing 
cell mortality. Thus, implementation of more subtle sub-lethal 
markers that better account for the hepatic side effects observed 
in vivo should be given high priority [8]. In addition, hepatocyte 
damages usually trigger secondary responses that involve several 
types of nonparenchymal cells or immune cells and potentially 
amplify the DILI reactions. As a consequence, in vitro assays focus-
ing only on one cell type (i.e., hepatocytes) are unlikely to offer the 
optimal approach and nonparenchymal cells should be considered 
[5, 10–12].

Basic in vitro cytotoxicity assays are unlikely to accurately repro-
duce the whole range of interconnected processes underlying the 
hepatotoxic reactions observed in vivo [13]. The complexity of 
DILI responses is illustrated by the catechol-O-methyltransferase 
inhibitor tolcapone which is associated with liver enzyme elevation 
and some rare but life-threatening cases of fulminant hepatitis [14, 
15]. This triggered a black-box warning in the USA, a temporary 
withdrawal in EU, and a definitive withdrawal in some other coun-
tries. Subsequent investigative studies demonstrated that multiple 
mechanisms were potentially involved in tolcapone-induced hepa-
totoxicity [16]. Tolcapone causes mitochondrial dysfunction by 
uncoupling the mitochondria proton gradient which ultimately 
impairs ATP synthesis and increases oxygen consumption [17]. 
Additionally, tolcapone might induce hepatobiliary toxicity by caus-
ing the accumulation of bile acids through inhibition of the efflux 
transporters bile salt export pump (BSEP) and Multidrug Resistance 
related Proteins (MRPs) [17]. Other studies suggested that tolca-
pone-induced hepatotoxicity might originate from the oxidation of 
the known metabolites M1 and M2 into reactive species forming 
covalent adducts to hepatic proteins [18]. Patients with variants of 
UGT1A9, the glucuronidation enzyme primarily involved in tolca-
pone elimination, appear to be more exposed to the drug and thus 
more susceptible to its hepatic side effects [19]. Finally, some 
authors argued that tolcapone produces an increase in catechol-
amine levels through excessive adrenergic stimulation, which in 
turn could potentiate the hepatotoxic effects [20]. Almost all the 
drugs associated with DILI are characterized by such multiple and 
interindependent toxicological mechanisms, often simultaneously 
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involving mitochondrial impairment, reactive metabolites, hepato-
biliary dysfunction, and immune responses [21].

The complexity and the interconnection of the DILI responses 
are also illustrated by the liver findings observed with a new anti-
epileptic drug candidate in dog toxicity studies [22]. An exhaustive 
panel of assays including histopathological examinations, ex-vivo 
biochemical assays, mass spectrometry measurements, and metab-
olite profiling led to the identification of the mechanisms underly-
ing the formation of the brown pigment inclusions observed in the 
liver of treated animals. Briefly, in dog, the drug transforms into a 
reactive metabolite that alkylates the prosthetic heme of cyto-
chrome CYP2B11. The alkylated heme, after iron atom removal, is 
released and converts to N-alkylprotoporphyrin which inhibits fer-
rochelatase, the final enzyme in heme biosynthesis. As a result, the 
substrate of ferrochelatase, protoporphyrin IX, accumulates result-
ing in liver deposits and liver impairment. In addition, the drug 
was found to induce hepatic CYP2B11 with increased reactive 
metabolite formation, depletion of hepatic heme reserve and acti-
vation of the heme biosynthetic cascade; all these findings being 
likely to exacerbate the deposit formation. Although not investi-
gated, other mechanisms such as hepatic transporter disruption 
might also contribute to the observed liver changes [23, 24]. Of 
notice, protoporphyrin IX accumulation and N-alkylprotoporphyrin 
formation could not be reproduced in vitro in cultured hepato-
cytes. The lack of sensitive in vitro assays has been already reported 
for other porphyrinogenic agents with similar mode of action [25]. 
This case study further illustrates the multiplex nature of DILI, the 
tight regulation between the various mechanisms, the variety of 
assays and endpoints required, and the potential sensitivity issues 
associated with some in vitro approaches. For obvious reasons, 
recapitulating all these processes and their interplay in a “one-fits- 
all” in vitro assay represents a major challenge.

Many different in vitro models are available to investigate DILI 
mechanisms (Fig. 2). Models have been significantly refined in 
order to increase their physiological relevance (Fig. 2) with the 
overall aim to better predict human DILI. In most assays, cells are 
exposed to relatively high concentrations of compound for a short 
duration. Such approach may not facilitate the detection of DILI 
reactions that occur only after chronic exposure to the drug [26]. 
Primary human hepatocytes (PHHs) remain the gold standard 
model for metabolism and liver toxicity studies [26] as they more 
closely mimic the in vivo situation with regard to liver functions. 
However, in vitro hepatocyte assays suffer from a number of limita-
tions including cell availability, interindividual variability, limited 
batch size, reduced life span, and cost. The rapid decline in CYP 
expression and activity, within 24 h of culture, is certainly a key 
issue given the central role of drug metabolism (e.g., reactive 
metabolite formation) in DILI events [27]. Consequently, some 
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alternative models have been proposed such as immortalized liver- 
derived cell lines (e.g., human hepatocellular carcinoma HepG2). 
Despite their unlimited availability, and phenotypic stability, cell 
lines have their own limitations such as low metabolism activity 
[28] and maintained cell proliferation even after confluency has 
been reached [29]. Cells such as HepaRG provide some advantages 
(better time frame for DILI studies, improved reproducibility, and 
easy access) but do not entirely mimic yet primary hepatocyte phe-
notype [27]. To reconstitute a more physiological microenviron-
ment, different culture conditions have been investigated (e.g., 
sandwich cultures, spheroids, 3D cultures) [5]. These approaches 
bring some undeniable benefits but none are entirely satisfactory 
and no consensus has been reached yet about the optimal cell cul-
ture conditions. Furthermore, cocultures of hepatocytes with non-
parenchymal cells are being investigated using different formats 
[30–32] with data suggesting a better maintained phenotype and 
an organotypic environment closer to the in vivo conditions [12]. 
Finally, liver slices have been proposed as an alternative model with 
the promise of maintained three dimensional liver structure and 
cell-cell interactions [33]. Unfortunately, liver slice technology has 
still to be improved to overcome the tissue necrosis that occurs after 
few days of culture, and the rapid loss of metabolic activity, both 
conferring a limited timeframe for suitable toxicity studies.

Fig. 2 Overview of some of the in vitro models available to predict human DILI. For more details, please refer 
to [89]. Figure reproduced with permission

Limitations and Opportunities Associated with In Vitro DILI Assays
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Conventional in vitro assays also use static conditions that do 
not favor oxygen and nutrient diffusion or cellular environmental 
dynamics [34]. Different perfusion systems are actually developed 
to create a more physiological environment and simultaneously 
overcome the limitations of 2D culture and static incubation con-
ditions [35]. The restricted accessibility of suitable human liver 
samples is another hurdle hindering the widespread use of human 
hepatocytes in DILI studies. This is especially true for the above 
mentioned new 3D cultures in bioreactors and continuous flow 
that require a high number of cells [35]. This prompted efforts to 
develop miniaturized methods such as microfluidic culture systems 
taking advantages of micro and nanotechnologies [12, 35].

The predictive value of the in vitro DILI assay platforms 
depends unequivocally on their ability to reproduce the drug 
metabolism reactions (detoxification and/or bioactivation) and 
drug transport processes observed in vivo. While short term hepa-
tocyte incubations are predictive of the metabolic and transporter 
pathways found in vivo, there are circumstances where it is not the 
case and where in vitro findings do not correlate with the in vivo 
situation [36, 37]. These discrepancies between the in vitro and 
in vivo drug disposition, e.g., CYP metabolism, should be scruti-
nized as it has a major impact on the overall predictivity of the 
DILI assays.

As the use of in vitro DILI assays is increasing rapidly, there is an 
urgent need to standardize assay conditions. Some authors define 
standard conditions allowing them to better compare the predic-
tivity of different in vitro DILI models [28, 38, 39] as illustrated 
in Table 1. A careful standardization of the assay conditions is 
mandatory to investigate and compare assay performances and, 
ultimately, to get regulatory acceptance for the selected assays 
[40]. Assay standardization and good practices should consider 
some important parameters:

Data from different studies indicate that some compounds were 
classified differently (e.g., tacrine classified as nonhepatotoxic, 
moderately hepatotoxic, or highly hepatotoxic; buspirone reported 
to be either nonhepatotoxic or mildly hepatotoxic in different 
studies) as already illustrated in Atienzar et al. [13]. One has to 
acknowledge as well that the DILI classification of a given chemi-
cal may progress with time as new data become available. It is of 
primary importance to rely on recently updated databases associ-
ated with a consistent, robust and transparent way of chemical clas-
sification. Consequently, it is recommended to use databases such 
as the Liver Toxicity Knowledge Base (LTKB) developed by the 
FDA with the specific objective of enhancing our understanding of 
liver toxicity [41, 42]. The LTKB uses data for marketed drugs at 
various level of biological organization including for instance 

2.2 Lack of 
Standardization of 
In Vitro DILI Assays

2.2.1 Compound 
Management
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 toxicogenomics, in vitro assays, histopathology, therapeutic uses, 
and clinical management of side effects.

A second important feature is that most sets of compounds that 
are used to validate in vitro DILI models contain a broad range of 
diverse molecules that vary in the severity of their hepatotoxic 
effects, in their incidence, in their mechanisms of toxicity (e.g., 
intrinsic versus idiosyncratic toxicity; immune versus nonimmune 
reactions) and in their physiopathological patterns (hepatocellular, 
cholestatic, mixed) [43]. Consequently, this brings confounding 
factors in the evaluation of the true predictive power of these assays. 
It would be advisable to separate drugs based on their incidence of 
injury [43]. The scientific community needs to increase the sharing 
of incidence data and to agree on a set of compounds to use as 
DILI and non-DILI compounds with ranges of concentrations to 
use. In an ideal scenario, drugs to be tested should cover a wide 
range of structures and pharmacological targets [13].

Table 1
Example of in vitro studies comparing multiple in vitro models to predict DILI

In vitro 
studies

Cellular 
models

Number of 
compounds

Concentrations 
tested Cutoffs

Specificity 
(%)

Sensitivity 
(%)

[28] HepG2 21  
(5−, 16+)

Fixed 
concentrations:

0.1, 1, 10, 
100 μM

− if TC50 > 10 μM
+ if TC50 < 10 μM

100 (5/5) 6.3 (1/16)

Primary human 
hepatocytes

100 (5/5) 
(3 don.)

Don. 1: 
31.3 
(5/16)

Don. 2: 50 
(8/16)

Don. 3: 
43.8 
(7/16)

HepaRG 100 (5/5) 12.5 
(2/16)

[38] HepG2 51  
(11−, 40+)

Multiple of 
Cmax:

in the range 3, 6 
or 12.5 up to 
100 fold

− if the TC50 
values of all the 
multiplexed 
assays >100- 
fold Cmax

+ if the TC50 value 
of at least one 
of the 
multiplexed 
assays <100- 
fold Cmax

36.4 
(4/11)

82.1 
(32/39)

Primary human 
hepatocytes

45.5 
(5/11)

82.5 
(33/40)

Dog-coculture 72.7 
(8/11)

77.5 
(31/40)

[39] Human- 
coculture

49  
(11−, 38+)

81.8 
(9/11)

76.3 
(29/38)

For more details please refer to the publications reported in the Table
− nonhepatotoxic compound, + hepatotoxic compound, TC50 concentration needed to produce 50% inhibition of the 
cellular response, Don. Donor
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Finally, over the last decades, new discovery paradigms have 
been put in place with high-throughput ADME, early metabolite 
profiling and exploration of new chemical entities (e.g., external 
chemical libraries and combinatorial chemistry). As a result, the 
new drug candidates showed less pharmacokinetic failures in clini-
cal development [44]. However, at the same time, drugs move to 
new physicochemical spaces [45] while showing a higher propen-
sity to fail because of safety issues [46]. Consequently, it is critical 
that validation dataset consider the physicochemical and pharma-
cokinetic profile of the newer drugs, which may differ substan-
tially from the profile of the historical compounds used for DILI 
investigations (e.g., acetaminophen, amiodarone, and diclofenac). 
As an example, drugs developed nowadays are associated with low 
metabolic clearance making metabolites including reactive metab-
olites more difficult to measure in vitro in conventional hepatocyte 
short-term culture systems [47].

Predictivity of in vitro assays is evaluated by measuring assay per-
formance in terms of sensitivity (true positive rate) and specificity 
(true negative rate). Table 1 provides some predictivity data 
obtained with in vitro models of different complexity. It has to be 
stressed that the assay predictivity strongly depends on the range of 
drug concentrations tested as well as on the cutoff values used to 
discriminate between hepatotoxic and nonhepatotoxic compounds 
(Table 1) [13]. Various strategies have been envisaged and many 
proposals have been reported; however, so far, no agreed standard 
has emerged yet. The drug concentrations to be tested can be 
selected as fixed multiples of the concentrations found active in 
in vitro and in vivo preclinical pharmacological assays (e.g., EC50 
in vitro or in plasma; Table 1). In vitro and animal pharmacokinetic 
studies can also be used to better translate the preclinical data to 
the clinical settings and thus better understand the concentrations 
to be assessed in in vitro toxicology tests. It remains that all these 
approaches are still associated with a certain degree of uncertainty 
which actually limits the translatability and predictivity of the DILI 
assays [13, 35]. If clinical data are available, human exposure data 
should be taken into account to define the best range of concentra-
tions to test under in vitro conditions. Xu and collaborators 
reported that the 100-fold Cmax cutoff is a rational threshold to 
differentiate non-DILI and DILI drugs [48]. However, plasma 
Cmax data can be misleading in case of significant drug accumula-
tion in the liver, or toxicity linked to overall exposure (e.g., Area 
Under the Curves (AUC)) rather than peak plasma concentration 
(Cmax). This can be potentially addressed using physiologically 
based pharmacokinetic (PBPK) modeling. Although in its early 
days, PBPK has the potential to predict liver concentrations and 
the time-course of exposure based on the physicochemical 
 properties of the drug and various other input parameters (please 
see Chap. 6 for more details).

2.2.2 Concentrations 
and Cutoffs

Franck A. Atienzar and Jean-Marie Nicolas

minjun.chen@fda.hhs.gov



133

DILI may occur via many different mechanisms (necrosis, apopto-
sis, mitochondrial toxicity, chemically reactive metabolites, immune 
activation, hepatobiliary dysfunction, transporter/CYP inhibition, 
and so on) requiring a wide range of potential endpoints for evalu-
ation (Fig. 3). The endpoints should be properly selected as they 
will ultimately affect the propensity of the DILI assay to generate 
false positive and negative responses. Based on the literature, a 
large number of endpoints (e.g., ATP, LDH, impedance, GSH, 
mitochondrial toxicity, albumin, urea, phospholipidosis, transport 
inhibition, and high content analysis) have been used in in vitro 
DILI studies [13] and one might question their respective predic-
tivity. A study reported that, in micropatterned coculture models, 
albumin secretion (noninvasive endpoint) was the most sensitive 
parameter (10/10), followed by urea secretion (noninvasive end-
point), ATP levels (9/10) and GSH levels (7/10) [49]. As dis-
cussed earlier, the relevance of measuring general cytotoxicity 
markers (cell survival or cell lethality) may also be questioned in 
comparison to more mechanistic endpoints which may better 
reflect the in vivo conditions. It is recommended to select end-
points that cover many mechanisms leading to DILI based on the 
hypothesis illustrated by Thompson et al. [50]. Protocols evaluat-
ing a battery of assays and considering exposure show promising 
performance with respect to DILI prediction [50, 51].

Hepatobiliary disruption and cholestasis occur in about 50% of 
the reported cases of DILI [52]. Bile salt export pump (BSEP) 
inhibition and the resulting accumulation of bile acids ultimately 
resulting in apoptosis and necrosis have been proposed as the key 
mechanisms for drug-induced cholestasis. As a result, high 
throughput screening for BSEP inhibition and the accompanying 
QSAR have been proposed as important tools in DILI assessment 
[53, 54]. The homeostasis of bile acids, highly regulated by many 
mechanisms, beyond direct BSEP inhibition, may account for bile 
acid accumulation [55]. As example, chlorpromazine induces 
intrahepatic cholestasis through reactive oxygen species formation, 
mitochondrial toxicity, disruption of the pericanalicular distribu-
tion of F-actin, decreased messenger RNA expression of the two 
main canalicular bile transporters (BSEP and multidrug resistance 
protein 3) [56]. A number of protective mechanisms are concomi-
tantly activated to partially reduce the intrahepatic accumulation of 
bile acid, which includes inhibition of Na+ dependent taurocholic 
cotransporting polypeptide, induction of multidrug resistance- 
associated protein 4, and CYP8B1 inhibition. From that example 
it is clear that a simple BSEP inhibition assay does not account for 
the complexity of some drug-induced cholestasis reactions and is 
likely to provide false responses. Sandwich human hepatocyte 
 cultures have been developed to restore functional bile canaliculi 
(absent in standard monolayer arrangement) and to preserve the 
disposition pathways as well as cellular functions involved in bile 

2.2.3 Endpoint Selection

Limitations and Opportunities Associated with In Vitro DILI Assays
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Fig. 3 Example of mechanisms (A–F) leading to liver injury. The mode of actions described refer to disruption 
of intracellular calcium homeostasis, cholestasis, inhibition of transport pumps, metabolite activation through 
heme-containing cytochrome P-450 system, covalent binding of drug to enzymes, immune response, activa-
tion of apoptotic pathways, inhibition of mitochondrial function, and formation of reactive oxygen species. For 
more details, please refer to [52]. Figure reproduced with permission
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acid homeostasis [57–59]. Recent in vitro studies demonstrated 
that such model provides a more reliable identification of drug 
candidates with cholestatic DILI risk [60].

Minor changes in culture conditions may have a significant impact 
on the assay readout. For instance, the use of serum may allow 
long-term culturing but could potentially decrease the free drug 
concentration as a result of increased protein binding. Compounds 
that have the ability to alter culture medium composition may 
lead to unexpected effects. For instance, iron is an important fac-
tor for cellular proliferation; compounds that have the property to 
strongly chelate iron may result in iron depletion leading to cell 
cycle arrest and apoptosis [61]. In addition, most of the standard 
media used contain high level of glucose. Consequently, the pre-
ferred way to synthetize ATP is through the glycolytic path, not 
mitochondrial ATP synthase. As a consequence, hepatotoxicants 
acting through mitochondria impairment remain undetected 
because of this nonphysiological culture conditions [62, 63]. To 
detect drug-induced mitochondrial effects, cell lines should be 
cultured in presence of galactose rather than glucose to force them 
to produce ATP via mitochondrial oxidative phosphorylation 
rather than glycolysis [63].

In drug screening and discovery paradigm, 70% of the tests settled 
are cell-based assays [64]. In the last decade, much effort has been 
produced to generate three dimensional and dynamic, microphysi-
ological models which may represent more physiological condi-
tions principally in terms of structure of the organs and blood flow 
to test compounds. It is key to demonstrate that the new devel-
oped cellular models are carefully validated with superior predictiv-
ity compared to traditional cellular models. Interesting relatively 
new cellular models include for instance organ-on-a-chip [65], 
coculture model constituted of hepatocytes and mouse fibroblasts 
[66], human induced pluripotent stem cells [67] and 3D cellular 
models [68]. Nevertheless, some of the new models also need to 
tackle a certain number of technical limitations particularly in rela-
tion to level of oxygenation as hypo/hyper oxygenation may lead 
to toxic effects [69]. In addition, most of the recently developed 
models are not entirely validated yet. One needs to consider a mul-
tilevel validation as illustrated in Table 2, covering the biochemical 
and cellular processes, the technical aspects, the assay predictivity 
and its translation to the clinical/human situation. Examples are 
provided with coculture models associated with some relevant lit-
erature data. To allow detailed comparison with in vivo data, 
in vitro models need to be developed using multiple animal species 
as well as human cells. Although promising, the new 3D models, 
for the time being, suffer from an incomplete validation when 
compared to other in vitro models. Nevertheless, one has to 

2.2.4 Culture Conditions

2.2.5 Validation of New 
Developed In Vitro Models

Limitations and Opportunities Associated with In Vitro DILI Assays
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recognize that these new assays are not yet fully optimized. As a 
final word, understanding the advantages and limitations of each 
assay is critical for its appropriate applications to study DILI. The 
selection of a particular model may be guided by the DILI mecha-
nisms to investigate, the duration of exposure (acute versus 
chronic), and the aptitude to study the toxicity of parent com-
pounds or metabolites [70] as a given model is unlikely to address 
all the relevant mechanisms leading to DILI.

3 Promises of In Vitro Models

Although still associated with some knowledge gaps and needs for 
further technological improvement and validation, in vitro DILI 
assays have been already successfully applied to the design and/or 
understanding of the potential liability associated with new drug 
candidates.

Together with the early screening of new drug candidates, DILI 
approaches can also be used to derisk toxicological findings 
observed in regulatory animal toxicology studies. In the previously 
mentioned example, a new antiepileptic drug was found to pro-
duce liver toxicity in dog, but not in rodents [22]. The key ques-
tion was to determine whether the adverse findings in dogs were 
relevant to human. Detailed in vitro investigations allowed under-
standing the mechanisms underlying the DILI reactions observed 
in dogs showing a central role for the bioactivation of the drug 
into a metabolite with porphyrinogenic potential. The investiga-
tions also identified precipitating factors (e.g., concomitant CYP 
induction, as well as surrogate endpoints such as CYP inactiva-
tion). In a second step, in vitro metabolism assays demonstrated 
that the causative metabolite was neither produced in rodents (in 
line with the absence of liver toxicity in that species) nor in humans. 
The predicted low risk of liver toxicity in humans was reinforced by 
the absence of CYP induction or CYP inactivation in human hepa-
tocytes. In summary, these investigations allowed to derisk the dog 
findings and to progress the compounds to clinical stages and to 
drug approval.

Fialuridine (FIAU), a second generation nucleoside analog, was 
developed for the treatment of hepatitis B. Preclinical toxicological 
studies in multiple species including rodents (mice and rats) as well 
as dog and monkey failed to detect induced liver injury adverse 
effects up to 1000-fold the human therapeutic dose [71]. However, 
during clinical investigations, seven treated patients (receiving 0.10 
or 0.25 mg kg/day FIAU for 24 weeks) with chronic hepatitis B 
experienced life-threatening hepatotoxicity (five fatalities and two 
subjects survived following liver transplantation) [72]. DILI was 
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associated with progressive lactic acidosis, jaundice, and hepatic 
synthetic malfunction likely due to mitochondrial damage [72]. In 
vitro experiments using hepatocyte coculture models indicated 
that FIAU was more toxic to human hepatocytes (IC50: ~5 μM) as 
compared to rat hepatocytes (IC50 > 100 μM), while its diastereo-
isomer was not toxic (IC50 > 100 μM) in either species [73]. 
Maximum human blood concentration (0.64 μM [60]) was in the 
range of the cytotoxic concentrations observed in human cocul-
ture models. This example illustrates that in vivo preclinical toxi-
cology studies do not always predict clinical outcome particularly 
for DILI [74], and well-validated human in vitro models could 
potentially be a relevant alternative.

Substantial progress has been made to develop newer approaches 
better describing the complexity of the DILI reactions. In vitro 
platforms are evolving toward dynamic 3D cultures, induced 
pluripotent stem cell cultures, multiorgan models, high content 
screening with imaging endpoints [75]. While in vivo animal 
toxicological studies suffer from a number of limitations (e.g., 
questionable translatability to human, low throughput, ethical 
pressure), they are still widely used to support regulatory sub-
missions. As discussed earlier the in vitro and in vivo endpoints 
to consider evolved from monoparametric cytotoxicity mea-
surements to a panel of more intertwined subtle changes in 
cell functions and cell- cell interactions. With this respect, omics 
technologies (e.g., array platform, new mass spectrometry tech-
niques) have the potential to identify novel DILI markers that 
could help to improve prediction of human DILI [76]. Finally, in 
silico modeling has been proposed as a complementary method 
to link the structural properties of the drugs to liver toxicity end-
points [77]. As the DILI assays are expanding, there is an increas-
ing need for quantitative system biology tools to integrate the 
large dataset generated, comparing them with existing databases, 
dissecting-out the affected pathways and mathematically linking 
them to DILI events [78]. As example, the DILIsym® software 
has been developed in the MATLAB computing platform for this 
purpose. It integrates in vitro and in vivo data, considers the key 
liver cell populations (beyond parenchymal cells), the intracellular 
biochemical pathways, the drug disposition, the physiology of the 
organism, and the dynamics of the various processes (Fig. 4). For 
more details, please refer to Chap. 6. The software is aimed at 
building a mechanistic model to quantitatively predict the DILI 
reactions in animal species as well as humans and better inform 
decisions (e.g., experimental design, biomarker selection, and 
dosing regimen selection). Although in its early days, DILIsym® 
has been successfully used to understand the life- threatening 
DILI reported in some patients receiving troglitazone [79]. The 
model also accounts for the species difference in troglitazone 
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hepatotoxicity and the improved safety profile of the analog piogl-
itazone. The model was built incorporating drug/metabolite dis-
position, pathways driving bile acid homeostasis, DILI biomarkers, 
and liver physiology. The previously discussed tolcapone- induced 
DILI was also successfully described in a DILIsym® model that 
revealed patient-related risk factors, and provide a rationale for the 
safer profile of the analog entacapone [17]. DILIsym® was proac-
tively used to derisk the occasional elevated serum aminotransfer-
ase levels observed in healthy volunteers during the early clinical 
development of the Toll-like receptor 5 agonist Entolimod [80]. 
The number of hepatocytes entering necrosis in the responsive 
subjects was described in a mechanistic multiscale model, show-
ing that the hepatocyte loss with Entolimod was low enough for 
not causing a liver dysfunction or a safety issue. In another study, 
the difference in the liver toxicity between acetaminophen and 
its isomer 3′-hydroxyacetanilide was investigated using DILIsym® 
[80]. Four plausible hypotheses were described in mathemati-
cal models and challenged against an array of toxicity endpoints 
collected in treated mice. A difference in reactive metabolite for-
mation was found to be the key driver for the lower toxicity of 
3′-hydroxyacetanilide.

Fig. 4 Overview of multiscale representation of drug-induced liver injury using the DILIsym® modeling soft-
ware. DILIsym® is designed to increase DILI understanding by providing insight into potential mechanisms 
leading to toxicity. The system extrapolates in vitro, in vivo data, translates preclinical results to clinical trial 
protocol design, and takes into account patient variability. Figure reproduced with permission. For more details 
please refer to http://www.dilisymservices.com/technology.html
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4 The Path Forward

As evoked earlier, sustained efforts are needed to refine the DILI 
assays, focusing on developing more sensitive endpoints and more 
integrated models, at standardizing the assay conditions, at defin-
ing strict hepatotoxicant classification and at building robust 
knowledge databases.

The limited predictivity of animal studies could be due in part to 
the use of healthy animals with reduced genetic diversity as well as 
to species differences in biochemical and physiopathological pro-
cesses [38]. Other complicating elements include environmental 
factors, physical activity, genetic predisposition, underlying dis-
eases, age, gender, comedications, nutritional status, and activation 
of the innate immune system [81]. As for in vivo animal studies, 
the use of in vitro models could be of reduced value because of the 
use of healthy cells with reduced genetic diversity. Liang et al. dem-
onstrated that human induced pluripotent stem cells cardiomyo-
cytes (hiPSC-CMs), derived from healthy volunteers and patients 
suffering from diverse genetic cardiac diseases, were able to detect 
drug-induced cardiac toxicity more accurately than the classical 
preclinical assays required by the authorities [82]. These data using 
iPSCs highlight the usefulness of these models for safety testing at 
early stages of drug development and illustrate the concept of per-
sonalized medicine using in vitro assays, which takes into account 
genetic diversity among patients to better predict clinical outcomes 
[13]. In future drug development paradigms, the use of human 
in vitro models considering the influence of pathological state (and 
the other factors listed above) will undoubtedly allow to better 
predict DILI risk in humans. In particular, as already illustrated 
with the study of Liang and collaborators [82], the use of hiPSC- 
derived hepatocytes from healthy volunteers and DILI patients, 
using human dermal fibroblasts, could help the scientific commu-
nity not only to better predict hepatotoxicity in humans but also to 
understand the role played by genetic predisposition. Nevertheless, 
it is clear that a few technical challenges still need to be sorted out 
particularly the generation of mature and fully functional hiPSC- 
derived hepatocytes with relevant metabolic capacities [83].

Short-term, single exposure, and high dose approaches have been 
widely used to perform in vitro toxicology investigations. Such 
approach may not be suited to detect hepatotoxic drugs in humans 
occurring after months of exposure [26]. In vitro DILI assay 
designs have been refined allowing to incubate test compounds for 
a few weeks with the media renewed during the incubation period 
[38, 49, 84]. These refinements have been applied to various 
in vitro models including the hepatocyte cocultures and 3D 
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cultures and were proven to improve the assay performances. For 
instance, it was reported that higher sensitivity (i.e., more hepato-
toxic compounds detected) when compounds are incubated with 
human hepatocyte cocultures for 9 days (with medium renewed 
four times) when compared to a 5 day incubation (with two 
medium renewals) [49].

As previously discussed, DILI can occur via a large number of 
mechanisms among which inflammation might play a central role. 
The release of pro-inflammatory factors, reactive oxygen spe-
cies and chemokines by specialized macrophages (e.g., Kupffer 
cells) is playing a key role in the cytotoxic response. The inflam-
matory response is also associated with the down regulation of 
major liver- specific metabolizing enzymes and transporters, which 
in turn also influence the DILI reaction (e.g., decreased detoxi-
fication by decreased metabolism or decreased active efflux). 
Unfortunately, most of the commonly used in vitro DILI models 
are not equipped to incorporate the inflammatory components. 
The inclusion of immune and liver stromal cell types, such as stel-
late cells, sinusoidal endothelial cells and Kupffer macrophages is 
likely to improve DILI predictions. Recently, micropatterned pri-
mary hepatocytes and fibroblasts were supplemented with primary 
Kupffer cells to better model inflammation-mediated hepatotoxic-
ity. The HepatoMune triculture model developed by Ascendance/
Hepregen is viable for a minimum 10 days while maintaining both 
Kupffer and hepatocyte cell functionality. Shaw and collaborators 
[85] demonstrated that DILI observed with trovafloxacin derived 
from its interaction with TNF through different mechanisms 
including the induction of different cytokines and sensitizing 
effects. Although promising, it still needs to be demonstrated if 
the newer cellular models are better suited to detect hepatotoxic 
compounds acting via inflammation using a larger set of validation 
compounds.

As indicated previously, longer exposure may be needed to bet-
ter mimic in vivo conditions particular when DILI occur after 
long term treatment. In this context, noninvasive endpoints 
(e.g., albumin, and urea secretion) are likely to be preferred over 
invasive endpoints (e.g., ATP). In addition, if cells are exposed 
to compounds for a few weeks it would be even recommended 
to monitor cells continuously using label-free platforms based on 
acoustic resonance, electrical impedance, microcantilevers, nanow-
ires, and differential calorimetry [86]. The main advantages of 
label-free detection include the use of a nondestructive approach, 
kinetic measurement, reduced time for assay optimization, and 
format available for medium throughput screening. For example, 
real- time cell analyzer (RTCA), a label-free technology based on 
 impedance measurement, can be used to generate information on 
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cell migration, mortality, proliferation, as well as receptor-mediated 
signaling including calcium modulators, nuclear receptor, antimi-
totic and DNA damaging agents [87, 88].

The mass of DILI-related data generated by the pharmaceutical 
industry is significant, as a result of the lead generation and drug 
optimization paradigms, as well as the use of high throughput 
screening technologies. Consequently, it is of primary importance 
to develop in silico models that will take advantage of these numer-
ous data and the identified quantitative structure–activity relation-
ships (QSAR) to predict DILI from the very early phases (i.e., 
virtual screening). However, there are a number of hurdles that 
should be taken into account. Firstly, hepatotoxicity is complex as 
it may occur through many different mechanisms of actions (Fig. 3) 
[21] and most of the in silico approaches use a relative small num-
ber of compounds with defined DILI potential and known DILI 
mechanism in man [89]. Secondly, in silico models depend on the 
quality and predictivity of in vitro models that need to be improved 
[90]. Thirdly, there is still a lack of sensitive and specific DILI 
markers leading to a scarcity of reliable hepatotoxic data [77]. A 
recent review paper provides perspectives on how to improve DILI 
prediction and focuses on the efforts to provide to develop predic-
tive models from diverse data sources for potential use in detecting 
human DILI [91]. In silico models rely either on sub-chemical 
structures or on QSAR models using complex machine-learning 
methodologies. Recently, Mulliner and coworkers developed a 
DILI in silico model associated with 68% sensitivity and very high 
specificity (95%) based on an internal validation set of 221 com-
pounds [90]. Another study has also focused on the development 
of in silico tools to detect mitochondrial toxicity [92]. Finally, 
there are an ongoing efforts to make these in silico DILI models 
more translatable by incorporating genetic and environmental fac-
tors [77] and by considering the multiplicity and the dynamics of 
various processes involved, as illustrated with the DILIsym® soft-
ware already discussed earlier [93].

Many knowledge and technological gaps have been discussed in 
the present review. Increased scientific knowledge is required to 
better understand the underlying mechanisms and the specific his-
topathological and biochemical hallmarks associated with the 
hepatic lesions. There is also a need for clarity and consensus about 
the reference drugs to be used for the DILI assay validations, 
including recommendations around range of concentrations to 
test as well as cutoff criteria for interpreting the data. Successful 
examples could be taken from other disciplines. For instance, in 
the field of in vitro genotoxicity testing, a 2-day workshop was 
hosted and sponsored by the European Centre for the Validation 
of Alternative Methods (ECVAM) in 2006 to discuss assay 
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performances and how to better address the high rate of false posi-
tive results [94]. The experts recommended to use cell systems that 
are p53 competent, with relevant metabolic capacities, and to 
reduce the top concentrations and the maximum level of cytotox-
icity to reach [94]. A few years later, Kirkland et al. [95] published 
recommendations on reference chemicals to use to evaluate the 
predictivity of new/modified mammalian cell genotoxicity tests, in 
particular to reduce false positive results.

In order to assess the DILI risks for many new drugs submit-
ted for approval, the FDA is currently using a program called 
“evaluation of drug-induced serious hepatotoxicity” (eDISH) 
which takes into account patient characteristics and liver test results 
[96]. In 2009, an FDA guidance was published to assist the phar-
maceutical industry to assess the potential for a drug causing severe 
liver injury (i.e., irreversible liver failure that is fatal or requires liver 
transplantation, https://www.fda.gov/downloads/Drugs/
GuidanceComplianceRegulatoryInformation/Guidances/
UCM174090.pdf). The guidance focuses on clinical data and tra-
ditional markers of DILI (e.g., alanine aminotransferase and aspar-
tate aminotransferase); multiple of the upper limits of normal 
(ULN) is provided for each biomarker to consider the compounds 
under investigation as hepatotoxic or nonhepatotoxic in human. 
Nevertheless, the guidance does not address issues of preclinical 
evaluation for signals of DILI, nor the detection and assessment of 
DILI after drug approval and marketing. There is a need to develop 
nonclinical DILI guidance, at early stages of drug development, 
combining safety, DMPK (including reactive metabolite evalua-
tion) disciplines in order to help the pharmaceutical industry to 
develop compounds with reduced risk of DILI in animals and 
human.
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Chapter 8

Use of Liver-Derived Cell Lines for the Study  
of Drug- Induced Liver Injury

Zhen Ren, Si Chen, Baitang Ning, and Lei Guo

Abstract

In vitro liver-derived cell lines have been used extensively in toxicity testing and related studies as alternatives 
and complements to primary hepatocytes. Multiple hepatocyte derived cellular carcinoma cell lines, such 
as HepG2, Huh7, and HepaRG cells, have been established over the years, and they display distinct char-
acteristics regarding the expression and activity levels of drug-metabolizing enzymes and other hepatocyte- 
specific factors. These cell lines have become useful tools and the models based on cell lines showed 
promising value for screening risks of drug-induced liver injury (DILI) in the early stage of drug develop-
ment, although they have deficiencies in metabolism-related investigations. Engineered cell lines, express-
ing drug-metabolizing enzymes or other hepatic genes either stably or transiently, have partially overcome 
these limitations. The liver-derived cell lines have contributed significantly to mechanistic studies of DILI, 
and various underlying signaling pathways and signatures of DILI have been identified. In this chapter, we 
first introduce the major hepatic lines (e.g., HepG2, Huh7, HepaRG, Hep3B, BC2, THLE, and Fa2N-4 
cells), including their origins, characteristics, advantages, and disadvantages for application in toxicity 
studies. We next depict the development and application of various engineered cell lines. We then 
discuss the current understanding of major DILI mechanisms and the endpoints for in vitro tests. The 
chapter is closed with a brief discussion of the challenges and opportunities in the field.

Key words DILI, In vitro cell lines, HepG2 cells, HepaRG cells, Engineered hepatic cell lines, 
Mechanistic studies

1 Introduction

At present, both animal models and in vitro models are used in the 
toxicity testing of drugs. Partly due to the species-differences in 
hepatic metabolism pathways, animal models display insufficient 
power in predicting human DILI. In an analysis of 150 drug can-
didates with human toxicities, the concordance found between 
hepatotoxicity observed in animal studies and that in subsequent 
clinical trials was only 50% [1]. Human primary hepatocytes and 
hepatic cell lines provide options to address this limitation. Primary 
hepatocytes, either freshly isolated or cryopreserved, are more 
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physiologically relevant and considered as the “golden standard” 
of in vitro tests, but they lose the metabolic activity quickly with a 
short life span [2]. In addition, the limited availability of human 
primary hepatocytes and the considerably interdonor variability in 
drug-metabolizing enzymes [3, 4] further restrict their use in 
large-scale toxicity testing. In contrary, hepatocyte-derived cell 
lines provide a valuable alternative with long life span, ready avail-
ability, easy manipulation, and cost efficiency. All these traits enable 
them to be useful tools in preclinical screening of drug candidates, 
particularly at an early stage of drug development, and in research 
on the molecular and cellular mechanisms of DILI.

In this chapter, we first describe the characteristics of com-
monly used hepatic cell lines, followed by a discussion on the cur-
rent development of engineered cells. The application of these cell 
lines in mechanistic studies of DILI in vitro is also presented. 
Current developments, limitations, and challenges in the field are 
explored at the end of the chapter. It is important to note the 
impact of the technical advances, such as 3D cultures and high- 
content screening, in in vitro studies using cell lines. In addition, 
immortalized and genetically modified human hepatocytes have 
overcome some of the traditional obstacles of using primary hepa-
tocytes, and are receiving increasing research interests. Detailed 
discussions of these new technologies are described in the other 
chapters.

2 Human Liver-Derived Cell Lines

Over the years, a variety of immortalized liver-derived cell lines, 
including HepG2, Huh7, HepaRG, Hep3B, THLE, BC2, and 
Fa2N-4 cells, have been established and are broadly used. These 
cell lines have different origins and display distinct characteristics 
regarding the expression and activity of the hepatocyte-specific 
proteins. The most critical concern for their applications in toxicity 
study is their low endogenous levels of the drug-metabolizing 
enzymes and transporters (DMETs). Comprehensive examination 
of the expression and activity of the DMETs in most human hepatic 
cell lines, and their comparison with primary human hepatocytes, 
have been conducted and discussed in multiple publications 
(Table 1). The profiles of these drug-metabolizing enzymes, 
together with other characteristics, define the applicability of these 
cell lines in toxicity testing.

The HepG2 cell line was established from a liver tumor biopsy 
obtained from a 15-year-old Caucasian male in the 1970s [5]. It is 
the most frequently used hepatoma cell line in the testing and 
research of DILI, especially during the early screening of drug 
development. HepG2 cells are well-differentiated hepatocarcinoma 

2.1 HepG2 Cells
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Table 1 
Relative abundance of selective drug-metabolizing genes expressed in hepatic cell lines compared 
with that in primary human hepatocytes

UniGene ID Gene symbol HepG2 Huh7 Hep3B THLE2 Human hepatocytes

Phase I enzymes

Hs.72912 CYP1A1 + ++ +++ − Ref.

Hs.1361 CYP1A2 − ± ± − Ref.

Hs.154654 CYP1B1 − ++ +++ +++ Ref.

Hs.1360 CYP2B6 − + + − Ref.

Hs.282871 CYP2C8 − ± − − Ref.

Hs.282624 CYP2C9 − − − − Ref.

Hs.511872 CYP2C18 − − − − Ref.

Hs.282409 CYP2C19 − − − − Ref.

Hs.648256 CYP2D6 ± + + ± Ref.

Hs.12907 CYP2E1 − − − − Ref.

Hs.272795 CYP2W1 +++ +++ +++ − Ref.

Hs.654391 CYP3A4 − − − − Ref.

Hs.695915 CYP3A5 ± ± ± − Ref.

Hs.111944 CYP3A7 ++ ++ ++ − Ref.

Hs.524528 CYP27B1 ++ +++ ++ ++ Ref.

Phase II enzymes

Hs.446309 GSTA1 ± + − − Ref.

Hs.102484 GSTA3 − − − − Ref.

Hs.485557 GSTA4 ++ +++ ++ + Ref.

Hs.390667 GSTK1 + ++ ++ + Ref.

Hs.279837 GSTM2 ++ +++ ++ ++ Ref.

Hs.2006 GSTM3 + ++ +++ + Ref.

Hs.348387 GSTM4 ++ ++ ++ + Ref.

Hs.523836 GSTP1 − +++ + +++ Ref.

Hs.268573 GSTT1 ++ − ++ ++ Ref.

Hs.389700 MGST1 ± ++ ± + Ref.

Hs.81874 MGST2 ++ ++ ++ + Ref.

Hs.191734 MGST3 + ++ ++ + Ref.

Hs.591847 NAT1 + ++ ++ + Ref.

Hs.2 NAT2 − ± ± ± Ref.

(continued)
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Table 1
(continued)

UniGene ID Gene symbol HepG2 Huh7 Hep3B THLE2 Human hepatocytes

Hs.368783 NAT5 + ++ ++ + Ref.

Hs.406515 NQO1 +++ +++ +++ +++ Ref.

Hs.567342 SULT1A1 ++ ++ ++ + Ref.

Hs.460587 SULT1A3 ++ ++ ++ ++ Ref.

Hs.129742 SULT1B1 − ± ± − Ref.

Hs.479898 SULT1E1 + ++ +++ − Ref.

Hs.515835 SULT2A1 ++ ++ − − Ref.

Hs.654499 UGT1A1 − ± ± − Ref.

Hs.654499 UGT1A3 − ± ± − Ref.

Hs.654499 UGT1A4 − ± − − Ref.

Hs.654499 UGT1A6 − ± ± − Ref.

Hs.654499 UGT1A9 − ± ± − Ref.

Hs.654424 UGT2B7 + + ++ − Ref.

Phase III enzymes (transporters)

Hs.489033 ABCB1 ± ++ ++ − Ref.

Hs.658439 ABCB11 − ++ − − Ref.

Hs.368243 ABCC2 + + ± − Ref.

Hs.463421 ABCC3 ± + ++ ± Ref.

Hs.508423 ABCC4 ++ +++ ++ ++ Ref.

Hs.480218 ABCG2 + ++ + ± Ref.

Hs.436893 SLC15A1 − + ++ − Ref.

Hs.518089 SLC15A2 ++ +++ ++ − Ref.

Hs.117367 SLC22A1 − ± ± − Ref.

Hs.436385 SLC22A2 − ++ − − Ref.

Hs.485438 SLC22A7 ± ++ ± − Ref.

Hs.502772 SLC22A9 + +++ ++ ± Ref.

Hs.449738 SLCO1B1 ± ± ± − Ref.

Hs.504966 SLCO1B3 + ++ ± + Ref.

Hs.7884 SLCO2B1 + ++ ± ± Ref.

For a more comprehensive mRNA profiling of the drug-metabolizing enzymes, please refer to Guo et al. [3]. The table 
was reproduced with permission
− genes were not detected, ± genes were barely detectable with a relative abundance less than 5% of those in primary 
hepatocytes, + genes were modestly expressed with relative abundance at 6–29% of those in primary hepatocytes, ++  
genes were similarly expressed with relative abundance at 30%–300% of those in primary hepatocytes, +++ genes were 
overexpressed with a relative high abundance at >300% of those in primary hepatocytes
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cells, share the same morphological characteristics of liver paren-
chymal cells, and have been shown to retain liver-specific functions, 
such as plasma protein synthesis and secretion [5, 6]. Seventeen 
major plasma proteins have been detected in the HepG2 cells cul-
ture medium, including albumin and α-fetoprotein (AFP). In addi-
tion, no hepatitis B viral genome was detected in the HepG2 cells. 
All these features facilitate the broad application of the cell line in 
liver-related toxicological research. A recent analysis has shown 
that HepG2 cells are more sensitive to the stress compared with 
other liver-derived cell lines [7] and have significantly upregulated 
genes with regard to hepatotoxicity processes and cell cycle [8], 
which further promotes the usage of this cell line in mechanistic 
studies and early stage drug-testing. However, in contrast to pri-
mary hepatocytes, HepG2 cells rely more on glycolysis, and less on 
oxidative phosphorylation, for ATP production [9]. Therefore, 
only by manipulating glucose in the culture environment, the 
effect of drugs on mitochondrial function can be assessed using 
this particular cell line [10]. The use of HepG2 cells for studying 
mitochondrial toxicity is described in other chapter. Moreover, 
O’Brien and colleagues suggested that HepG2 cells show high sen-
sitivity and specificity in identifying hepatotoxic drugs [11]. A 
study showed that the HepG2 cell line displayed a comparable per-
formance with rat primary hepatocytes when used to evaluated a 
limited set of compounds, although the conclusion needs to be 
further confirmed [12].

One significant drawback of using HepG2 cells is the low 
expression and activity levels of the drug-metabolizing enzymes. 
Although some biotransformation activity has been demonstrated 
in the cell line [13–15], overall HepG2 cells display limited meta-
bolic capacity. A systematic examination of mRNAs indicated that 
out of 84 Phase I genes, only 44 were expressed in HepG2 cells, as 
compared with 69 genes expressed in primary human hepatocytes 
[3]. Importantly, the mRNA levels of some major CYPs for metab-
olizing, including CYP1A2, CYP2B6, CYP2C9, CYP2D6, and 
CYP3A4, are either undetectable or drastically lower than those in 
primary human hepatocytes [3, 16–18]. Phase II enzymes and 
transporters are also generally underexpressed in HepG2 cells with 
a few notable exceptions, such as NAD(P)H quinone dehydroge-
nase 1 (NQO1), glutathione S-transferase Mu 3 (GSTM3), and 
multidrug resistance protein 1 (MRP1) [3, 19, 20]. Proteomic 
analyses and activity assays have further confirmed the drastic 
reduction in the biotransformation capacity in HepG2 cells [9, 18, 
19, 21, 22].

Notably, the expression levels and activities of the biotransfor-
mation enzymes in HepG2 cells were reported with considerable 
variations among different labs. Many factors could contribute to 
these variations, including but not limited to the culture condi-
tions [23], culture time [24], sources of the cell line [15, 25], and 
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experiment protocols [26, 27]. Besides, some of the minor Phase I 
enzymes such as CYP27B1 and CYP2W1 are expressed at signifi-
cantly elevated levels in this cell line compared with those in human 
hepatocytes, suggesting HepG2 cells can be a potential surrogate 
in investigating selective drug-metabolizing enzymes [3]. It was 
also reported that the activities of some major CYPs can be induced 
to some extent in HepG2 cells [19, 28].

Collectively, HepG2 cells serve as a useful tool in the initial 
screening of toxicity in drug testing and in mechanistic studies of 
DILI. However, due to its lack of metabolic capability, they may 
not be a suitable model in investigating metabolism-mediated tox-
icity without additional modification.

Huh7 cells were established from a liver tumor of a 57-year-old 
Japanese man in 1982 [29]. As with other well differentiated 
hepatic carcinoma cells, Huh7 cells have epithelial features, grow 
in 2D monolayers, and can secret plasma proteins, including albu-
min. They also have tumor-generating properties when injected 
into nude mice. Huh7 cells are more commonly used in studies of 
viral infection, such as hepatitis C [30], but have also been applied 
to DILI study.

A systematic examination found that Huh7 cells display the 
DMET expression patterns most similar to the pooled primary 
human hepatocytes among different hepatic cell lines tested 
(HepG2, Hep3B, THLE2, SK-Hep-1, and Huh7), though the 
cell line still suffers the common drawback of a low capacity of 
the metabolizing enzymes under normal culture conditions [3]. 
The activity of some CYP enzymes, including CYP3A4, is higher 
in Huh7 cells than in HepG2 cells [28], and the GST activity 
reached a level comparable to primary human hepatocytes [22]. 
Evaluation of Phase III transporters showed that some of the 
ATP-binding cassette (ABC) transporters are expressed at com-
parable levels to those in primary hepatocytes, although other 
transporters are at much lower levels [31]. A direct comparison 
with HepG2 cells suggests that the mRNA level of P-glycoprotein, 
organic anionic transporter protein 1B1 (OATP1B1), and organic 
cationic transporter- 1 (OCT1) is higher in Huh7 cells than that 
in HepG2 cells [32].

An interesting discovery in Huh7 cells is that when they are 
cultured in the presence of 1% of dimethyl sulfoxide (DMSO), the 
cell cycle is arrested, and the expression of some hepatocyte- specific 
genes increase to levels comparable to those in primary human 
hepatocytes [33]. Under this condition, the mRNA and activity 
levels of the Phase I and II enzymes are significantly elevated, 
although still lower than those in primary hepatocytes. The induc-
tion of these enzymes and the expression of related orphan nuclear 
receptors are increased as well [34, 35]. Similarly, confluent Huh7 
cells display a higher expression level and activity of CYP3A4, sug-

2.2 Huh7 Cells
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gesting the change may result from reduced proliferation of the 
cells [36, 37]. These findings brought new insights to the in vitro 
drug testing and research, but further evaluation and confirmation 
are still needed.

HepaRG cells were established from a liver tumor of a woman in 
2002 [38]. In the presence of DMSO, upon reaching confluency 
the cells undergo extensive differentiation and acquire hepatocyte- 
like phenotype with elevated expression of liver specific markers, 
including many drug-metabolizing related enzymes [38–40]. 
When seeded at high-density, the hepatocyte-like features are 
retained in the differentiated HepaRG cells. It is worth noting that 
HepaRG cells have a bipotent progenitor phenotype, and can dif-
ferentiate into both hepatocyte-like and biliary-like cells. Even the 
differentiated hepatocyte-like cells retain the ability to transdiffer-
entiate into the other cell type [41, 42].

A systematic analysis of the DMETs found that, at the mRNA 
level, the differences between HepaRG cells and primary human 
hepatocytes are comparable to the inter-donor variability in pri-
mary human hepatocytes. HepaRG cells show a significant advan-
tage over HepG2 cells in both the basal expression level and the 
inducibility of major CYP enzymes (e.g., CYP1A2, CYP2B6, and 
CYP3A4) [19, 43–46]. In particular, CYP3A4 is highly abundant 
in differentiated HepaRG and can be even higher than the basal 
expression level observed in primary human hepatocytes, but some 
other CYPs, such as CYP1A2, CYP2C9, and CYP2D6, are still 
lower than those in human hepatocytes [21]. For most Phase II 
enzymes and Phase III transporters, the profile of expression and 
activity levels in HepaRG cells are comparable to primary hepato-
cytes, although a few exceptions exist, such as organic anion trans-
porting polypeptide 1B3 (OATP1B3) [21, 44, 46–48]. Major 
nuclear receptors regulating CYP enzymes, including aryl hydro-
carbon receptor (AhR), constitutive androstane receptor (CAR), 
peroxisome proliferator-activated receptor α (PPAR α), and preg-
nane X receptor (PXR), are also well maintained in HepaRG cells 
[44, 46]. Importantly, the expression and activity levels of these 
proteins are relative stable over a 4-week confluence period, which 
further suggests that the cell line can be used for long-term or 
repeated-dose studies [45, 49].

Because of these advantages, the HepaRG cell line has gained 
great popularity in drug testing and toxicological studies. Its meta-
bolic competence enables the cell line to be used in drug metabolism 
assessment and in detecting the cytotoxicity of both the parent drugs 
and reactive metabolites [50]. HepaRG cells have demonstrated 
promising predictive power as an in vitro model to identify com-
pounds with DILI risks [43, 51–54]. In addition, HepaRG cells 
have been used as a surrogate to primary hepatocytes in studying 
CYP enzyme induction particularly for CYP3A4, the major Phase I 
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enzyme that involves in drug metabolism, and drug–drug interac-
tions [55–57]. Similar studies using primary hepatocytes generally 
show low reproducibility due to inter-donor variability in CYP 
enzyme profiles. The polarized expression of drug transporters in 
HepaRG cells closely reassembles that of primary hepatocytes, sug-
gesting the cell line can be used in hepatic uptake and disposition 
research [21, 48, 58].

Some concerns still remained despite increasing applications of 
HepaRG cells. One concern is the requirement for DMSO (approxi-
mately 2%) in the culture medium to maintain maximal expression 
level of the CYP enzymes. The presence of DMSO, particularly at a 
relatively high concentration, could interfere with hepatic functions, 
induce cytotoxic effects, and in turn affect the results of drug-testing 
processes. Another concern is the lower expressions of some drug 
metabolism-related genes in HepaRG cells than those in primary 
hepatocytes, such as CYP2D6, CAR, and bile salt export pump 
(BSEP) [44, 46, 59]. In addition, the cell line only represents the 
hepatic phenotype of a single donor. Other concerns include the 
long-term differentiation and the demanding culture requirements. 
Recently a cryopreserved format of differentiated HepaRG cells 
(cryo-HepaRG) has been developed and could further facilitate the 
widespread use of this cell model [60].

In addition to HepG2, Huh7, and HepaRG cells, a few other liver- 
derived cell lines exist but have not been extensively applied in drug 
toxicity testing and related research. Some cell lines are only evalu-
ated in the laboratory that generated them. Furthermore, due to 
their less frequent use, most of them lack a broad spectrum analysis 
regarding the overall gene and protein expression in comparison 
with primary human hepatocytes [3]. Only the expression and activ-
ity of a few major Phase I and II enzymes, such as CYP1A2, CYP3A4, 
glutathione S-transferase (GST), and uridine 5′-diphospho- 
glucuronosyltransferase (UGT), have been tested in some of these 
cell lines, whereas little detailed information is available regarding 
other drug-metabolizing enzymes, transporters, and related nuclear 
receptors. Further comprehensive evaluations are necessary for their 
broad use in drug discovery and toxicological research.

Hep3B cells were isolated from liver biopsy specimens of an 8-year- 
old black man who suffered primary hepatocellular carcinoma. 
These cells were established alongside with HepG2 cells, and the 
two cell lines are phenotypically similar in many aspects [5, 6]. One 
major difference is that Hep3B cells synthesize hepatitis B virus 
surface antigen, and it can induce tumor when injected into nude 
mice. Similar to HepG2 cells, Hep3B also displays low expression 
and activity levels of DMETs [3].

2.4 Other Liver- 
Derived Cell Lines

2.4.1 Hep3B Cells

Zhen Ren et al.

minjun.chen@fda.hhs.gov



159

BC2 cell line was derived from a human hepatocarcinoma [61]. 
At confluency, the cells undergo spontaneous differentiation and 
can stay stable for several weeks in culture [62]. Differentiated BC2 
cells express most major CYP450 enzymes (CYP1A1/2, CYP2A6, 
CYP2B6, CYP2C9, CYP2E1, and CYP3A4) and Phase II enzymes 
GST and UGT. The activities of the CYP enzymes in this cell line 
reach a maximum during 21–28 days in culture, although still 
much lower than those observed in primary human hepatocytes 
(>100-fold difference). The enzymes also show response to model 
inducers [62, 63]. BC2 cells maintain some of the drug transport-
ers such as P-glycoprotein (P-Gp) [64].

One of the drawbacks of BC2 cells is the complete absence of 
CYP2D6 [62]. To date, the use of BC2 cells has been limited to 
the laboratory that generated them [63, 65]; further evaluation 
regarding other drug-metabolizing enzymes and related regula-
tory factors is still required.

THLE-2 and THLE-3 cells were generated by immortalizing 
human liver epithelial cells, using a recombinant simian virus 40 
large T antigen virus (SV40 T) [66]. One of the advantages of 
these two cell lines is that they are originated from normal cells 
instead of cancerous cells. THLE cells have been shown to 
express most of the Phase II enzymes, but the CYP enzymes are 
largely undetectable [66]. The use of the THLE cells in DILI 
studies and toxicological research is not as widespread as other 
cell lines, and most of the related research work has been done 
using modified THLE cells that express specific human CYP 
genes [67–69]. The use of modified THLE cells will be discussed 
in the next section.

Fa2N-4 cells were established by immortalization of the human 
hepatocytes from a 12-year-old female donor via SV40 T transfec-
tion [70]. Upon application of model inducers, CYP1A2, CYP2C9, 
CYP3A4, and multidrug resistance protein 1 (MDR1) were induced 
in Fa2N-4 cells at levels comparable to those in primary hepato-
cytes. A more systematic examination found that in this cell line, the 
basal expression level of CYP3A4 is similar to primary hepatocytes, 
but the levels of CYP1A1, CYP1A2, CYP2D6, and CYP2E1, and 
Phase II enzyme UGT1A1, UGT1A6, UGT2B15, and UGT2B4 
are significantly lower (>10-fold) [71]. The major criticism for 
Fa2N-4 cell line is the low expression of CAR and some hepatic 
uptake transporters, which raises concerns regarding its application 
in drug cytotoxicity testing, particularly as an in vitro model for 
CYP3A4 induction as initially suggested [71, 72].

2.4.2 BC2 Cells

2.4.3 THLE Cells

2.4.4 Fa2N-4 Cells
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3 Engineered Cell Lines

To overcome the deficiencies of low biotransformation capacity of 
most in vitro cell lines, efforts have been made to express one or 
more drug-metabolizing enzymes in a specific cell line, either tran-
siently or stably. It should be noted that the proper function of 
CYP enzymes also depends on electron transport partners, such as 
the NADPH-cytochrome CYP450 reductase and cytochrome b5; 
therefore, the recipient cells should display hepatocyte-comparable 
level of these proteins. To date, most of these studies have been 
conducted with HepG2 cells and THLE cells, both of which 
express sufficient CYP450 reductase and are easy to manipulate.

THLE-based cell lines stably expressing major CYP enzymes 
including CYP1A2, CYP2A6, CYP2C9, CYP2C19, CYP2D6, and 
CYP3A4 have been established [67, 68]. These cell lines have been 
used to explore the role of individual CYP enzyme in drug metab-
olism, as well as in metabolite-related genotoxicity and cytotoxicity 
[73, 74]. CYP-expressing THLE cells, particularly THLE-3A4 
cells, have also been applied in large scale tests to identify drugs 
with DILI potential [75–78]. However, a study on the DMETs 
gene expression profile suggested that the overall gene expression 
is low in both THLE-null and THLE-CYP cells; many drug- 
metabolizing enzymes and nuclear receptors are also considerably 
lower than those in primary human hepatocytes [69]. This finding 
may hinder the further application of this system.

More approaches have been used in modifying HepG2 cells, 
and the majority focused on modulating the level of Phase I 
enzymes. In addition to single cell lines generated in various labo-
ratories, the systematic establishment of 10 (CYP1A1, CYP1A2, 
CYP2A6, CYP2B6, CYP2C8, CYP2C9, CYP2C19, CYP2D6, 
CYP2E1, and CYP3A4) or 14 (CYP1A1, CYP1A2, CYP1B1, 
CYP2A6, CYP2B6, CYP2C8, CYP2C9, CYP2C18, CYP2C19, 
CYP2D6, CYP2E1, CYP3A4, CYP3A5, and CYP3A7) stable cell 
lines overexpress individual subtype of CYP450 has been reported 
[79, 80]. These cell lines have shown promising results in activity 
assessment using known substrates of CYP enzymes, and have been 
applied to drug metabolism studies, toxicity tests, and drug–drug 
interaction studies. These systems have strength in identifying the 
major CYP enzymes in the metabolism of specific compounds, 
investigating the role of individual enzymes, and studying the cyto-
toxicity of related metabolites or drug–drug interactions [81–84].

Besides modulating individual CYP enzymes, approaches that 
simultaneously change the expression and activity levels of multiple 
CYP enzymes have also been conducted. One method is the stable 
transfection of orphan nuclear receptors, such as PXR and CAR, 
into HepG2 cells. The expression and inducibility of CYP2B6, 
CYP2C9, and CYP3A4 are elevated simultaneously in these 
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engineered cells [85]. Similar results are achieved by transfection 
of the hepatocyte nuclear factor 4 (HNF4) gene, which regulates 
the constitutive expression of many hepatic genes [86]. The devel-
opment of recombinant adenovirus transfection has enabled simul-
taneous expression of multiple CYP genes. Currently, HepG2-based 
cell models transiently coexpressing three (CYP1A2, CYP2C9, and 
CYP3A4) or five (CYP1A2, CYP2D6, CYP2C9, CYP2C19, and 
CYP3A4) major CYP enzymes involved in drug metabolism have 
been reported; the activities of the cotransfected enzymes are com-
parable to those in primary human hepatocyte, and can be main-
tained stable for a few days in cultures [87, 88]. Attempts to 
cotransfect both Phase I and Phase II enzymes into HepG2 cells to 
achieve a full capacity of biotransformation have also been reported 
[89, 90].

Engineered cell lines based on HepaRG cells have also been 
reported, such as the CAR overexpressing line (HepaRG-CAR) 
generated by lentiviral transduction, which displays increased sen-
sitivity in toxicity analyses and maintains high level of metabolic 
capacity even in DMSO-free medium [91]. With Huh7 cells, a 
CYP1A2 expressing cell line has been stably established and applied 
in a screening of over 200 drugs for metabolism-mediated cytotox-
icity [92].

Overall, engineered cells overcome certain limitations of cell 
lines, and can be used to assess drug metabolism and metabolite- 
mediated toxicity. Nonetheless, they still have mutagenic potency, 
and have the limitation of heterogeneous expression of DMETs, 
which may influence the uptake, processing, and elimination of the 
drugs. Interpreting results obtained from these cell lines should be 
cautious, particularly when extrapolating to clinical outcomes.

4 Cell Line Based Mechanistic Studies and Endpoints Measured

An in vitro toxicity screening/testing generally starts with assess-
ment of the cytotoxicity in cell culture upon various exposure, fol-
lowed by testing for more specific pathways for further information 
or research interest. It is important to note that most of the tests 
for toxicity should be done in a concentration- and time-response 
manner, instead of using one single exposure. This concentration- 
and time-response approach could reduce false positives, or artifi-
cial effects, during toxicity tests. In addition, for certain drugs 
different pathways could be activated at different concentrations, 
which could be easily missed in single exposures [93]. Currently 
there is no clear consensus regarding how to select the concentra-
tions to be tested. A practical approach is to use multiples of the 
plasma maximum concentration (Cmax) of the investigated drugs. 
Most hepatotoxic drugs displayed significant cytotoxicity within 
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the 100-fold Cmax range for short-term treatment [94]. Different 
cut-off thresholds could influence both the sensitivity and the 
specificity of the predictive power of the in vitro models tested 
[52]. Another consideration is the drug exposure time. It might be 
more physiological relevant if a low-concentration, long-term 
approach could be used, to mimic the characteristic of certain 
DILI observed in patients [95].

Certain molecular mechanisms of DILI have been identified, 
and methods have been established for the investigation of each 
mechanism and their relationship. At present, there is no agreement 
on the selection and the cut-off thresholds of parameters used to 
assess DILI risk. However, considering the complicated mecha-
nisms of DILI, a multiparametric approach is suggested because 
individual endpoints have poor predictive powers [27, 52]. 
Toxicological studies using in vitro cell lines provide insight into the 
molecular mechanisms of DILI and identify related characteristics, 
therefore are critical for drug testing. It should also be emphasized 
that none of the mechanisms are isolated; extensive crosstalk exists 
between different mechanisms, and in many cases contribute col-
lectively to the cytotoxicity of a certain compound [96–99].

Interestingly, the cell lines with highly limited metabolizing 
capacity, such as unmodified THLE and HepG2 cells, were also 
reported with promising predictive power in identifying DILI risk 
[11, 27, 78]. Nonetheless, these reports still need further valida-
tion because the set of drugs selected, the parameters chosen, and 
the cut-off values applied can affect the outcomes from these 
studies.

In the following sections, we will describe the current under-
standing of the mechanisms of DILI, and the approaches used in 
each mechanism for in vitro testing and studies. Selective publica-
tions on each mechanism, including review articles and original 
research paper, are listed in Table 2. Most of the studies used 
HepG2 cells or HepaRG cells, but these studies could be applied 
to other cell lines including genetically modified cell lines, or 
primary hepatocytes.

DILI can lead to cell death through apoptosis or necrosis. The 
major differences between the two cell death modes are the integ-
rity of cell plasma membrane, and the activation of caspases. In 
contrast to apoptosis, necrosis results in cytoplasmic swelling and 
rupture of the plasma membrane; however, generally it does not 
trigger caspase-related signaling pathways [100, 101].

Necrosis has been shown to be one of the underlying mecha-
nisms of DILI caused by drugs and chemicals, including acetamin-
ophen [102–104]. Propidium iodide (PI) staining is recognized as 
a classical method for detecting necrosis in cells. PI binds to DNA 
but is membrane impermeant; thus, it indicates the leakage of 

4.1 Necrosis 
and Apoptosis
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Table 2 
Selected publications on the mechanistic studies of DILI

Mechanisms Type Related drugs References

Necrosis Review/
methodology

Vanden et al. [100], Krysko et al. 
[101]

Examples Acetaminophen Hinson et al. [102], Jaeschke et al. 
[103]

Benzo[a]pyrene Lin et al. [104]

Mitochondrial 
dysfunction

Review/
methodology

Brand et al. [115], Labbe et al. [113]

Examples Nefazodone Dykens et al. [112]
Sertraline Li et al. [116]
Troglitazone Tirmenstein et al. [117]

ROS generation and 
oxidative stress

Review/
methodology

Wang et al. [123], Pereira et al. [122], 
Videla et al. [121]

Examples Usnic acid Chen et al. [124]
Streptozotocin Raza et al. [125]
Acetaminophen Gao et al. [126]
Tenofovir, 

Zidovudine
Nagiah et al. [98]

Chlorpromazine Antherieu et al. [127]

ER stress and 
calcium 
homeostasis

Review/
methodology

Chen et al. [130], Iurlaro et al. [131], 
Samali et al. [132], Oslowski et al. 
[133]

Examples Sertraline Chen et al. [134]
Nefazodone Ren et al. [135]
Usnic acid Chen et al. [136]
Acetaminophen
Cryptotanshinone

Uzi et al. [137]
Park et al. [138]

DNA damage and 
cell cycle arrest

Review/
methodology

Yusuf et al. [141], Huang et al. [142], 
Darzynkiewicz et al. [143], Sharma 
et al. [144]

Examples Goldenseal Chen et al. [145]
Acetaminophen Cover et al. [146]
Trovafloxacin Poulsen et al. [147]

Autophagy Review/
methodology

Barth et al. [154], Mizushima et al. 
[155], Klionsky et al. [156]

Examples Usnic acid Chen et al. [157]

cellular components. Lactate dehydrogenase (LDH) release, which 
measures the integrity of plasma membrane, is also regarded as a 
marker for necrosis [101, 105]. It is worthwhile to mention that 
apoptosis can trigger secondary necrosis as a downstream response; 
therefore, positive results from these tests can also be observed at a 
late stage of apoptosis.
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Apoptosis leads to characteristic cell morphological changes, 
such as blebbing and cell shrinkage. Generally, two major path-
ways are involved in apoptosis: the mitochondria dysfunction-ini-
tiated intrinsic pathway and death receptor-mediated extrinsic 
pathway [106, 107]. The intrinsic apoptotic pathway is character-
ized by the disturbance of mitochondrial membrane potential and 
the release of cytochrome c from mitochondria to the cytosol 
[108]. The Bcl-2 family of proteins directly regulates the leakage 
of cytochrome c [109]. Once cytochrome c is released, it interacts 
with apoptotic protease activating factor (APAF-1) and pro-cas-
pase-9 to create a protein complex. It then cleaves the pro-cas-
pase-9 to its active form of caspase-9, which in turn actives the 
effector caspase- 3 [110, 111]. The activation of extrinsic apop-
totic pathway is recognized by the induction of active caspase-8, 
which eventually activates caspase-3 as well. Caspase-3 is the “exe-
cutioner” of apoptosis resulting in cell death, and it has been used 
as a hallmark of apoptosis.

Mitochondrial impairment can be induced directly by drugs or 
triggered by other intracellular stress, and then activate the intrin-
sic apoptotic pathway. Mitochondrial dysfunction has been shown 
to underlie the cytotoxicity of an expanding list of drugs such as 
nefazodone and troglitazone, and is frequently tested during an 
early stage of drug discovery [112–117].

HepG2 cells have been used extensively in assessing drug- 
induced mitochondrial dysfunction. In particular, HepG2 cells cul-
tured in medium containing galactose instead of glucose show 
higher sensitivity to mitotoxicants, an approach generally referred 
as glucose-galactose assay [10, 118] (Details are described in mito-
chondrial chapter). Moreover, the mitochondrial membrane poten-
tial can be examined by JC-1 staining, which emits distinct 
fluorescent color according to different membrane potentials [116].

Mitochondrial dysfunction can result in changes of the Bcl-2 
family proteins, which trigger either prosurvival or proapoptotic 
responses, depending on individual drugs. Severe mitochondrial 
damage causes the release of cytochrome c from mitochondria to 
the cytosol, which activates downstream caspase-3 and other fac-
tors. Measurement of the expression level and subcellular distri-
bution of these hallmark proteins is generally performed to 
confirm the presence of mitochondrial dysfunction [119, 120]. 
Due to the pivotal roles of mitochondria in drug testing, a variety 
of procedures has been developed and will be detailed in the 
mitochondrial chapter.

Reactive oxygen species (ROS) are produced during oxidative 
phosphorylation chain reactions, and thus are closely related to the 
function of mitochondria. Stressful cellular conditions, such as trig-
gered by drugs with DILI potential (e.g., tenofovir, usnic acid, and 

4.2 Mitochondrial 
Dysfunction

4.3 ROS Generation 
and Oxidative Stress
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acetaminophen), can disrupt the balance between ROS generation 
and antioxidants defenses, and result in oxidative stress. A variety of 
drugs has been shown to induce oxidative stress, as the underlying 
mechanism of their DILI potential [98, 121–127].

Examination of oxidative stress in vitro generally consists of 
two parts: the measurement of ROS production, and the measure-
ment of antioxidant defenses. Importantly, the Nrf2 (nuclear fac-
tor erythroid 2-related factor 2)–Keap1 (Kelch-like ECH-associated 
protein 1) signaling pathway plays regulatory role in the antioxi-
dant defensive systems [128, 129]. It is worth noting that both 
HepaRG and HepG2 cells have been shown to have high expres-
sion level of Nrf2 and related proteins, although it is not clear 
whether this affect the usage of these cell lines in studying cellular 
response to drug-induced stress [27]. When testing the antioxi-
dant defense, both the levels of reduced glutathione (GSH) and 
oxidized glutathione (GSSC) are generally measured, and the ratio 
in between (GSH/GSSC) is calculated. A significant decrease in 
GSH level and GSH/GSSC ratio indicates depletion of  antioxidants 
in cells. Additional antioxidant enzymes, such as superoxide dis-
mutase (SOD) and catalase (CAT), can also be measured together 
with Nrf2 regulated genes [122].

The detection of ROS production largely relies on plasma 
membrane permeable nonfluorescent dyes that become fluores-
cent after oxidation by ROS, which can then be monitored using 
fluorescence-based techniques, such as a fluorescence plate reader, 
confocal microscopy, and flow cytometry. Modulation of ROS by 
N-acetylcysteine (NAC), which increases intracellular GSH levels, 
or other ROS scavengers, can further elucidate the role of ROS in 
drug-induced cytotoxicity [122].

Increasing evidences suggest that endoplasmic reticulum (ER) 
stress contributes substantially to the pathogenesis of DILI (e.g., 
usnic acid, nefazodone, and sertraline) [130–138]. ER stress 
generally triggers upregulation of proteins in the unfolded pro-
tein response (UPR) pathway, including CHOP and ATF4, and 
the phosphorylation of eIF2a. Examination of the expression lev-
els of these proteins is commonly used to detect ER stress. 
Splicing of the XBP1 mRNA is another marker of UPR activa-
tion. The role of ER stress in drug-induced cytotoxicity can be 
assessed by modulating ER stress with inhibitors, such as 4-phen-
ylbutyric acid (4-PBA) or salubrinal [134, 139]. Chen and col-
leagues previously reported the establishment and validation of 
two stable HepG2-derived cell lines that use reporter assays to 
detect ER stress, which have showed promising results in research 
on multiple drugs [134, 135].

Ca2+ signaling is essential for many cellular functions; ER as an 
intracellular storage site of Ca2+ plays critical roles in the modulation 
of Ca2+. Disruption of Ca2+ homeostasis, therefore, is frequently 

4.4 ER Stress 
and Calcium 
Homeostasis
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observed in combination with severe ER stress [99, 130]. An 
important approach to measure Ca2+ signaling is by labeling intra-
cellular calcium with visible light-excitable calcium indicators, such 
as Fluo-4 and Fluo-3, which display fluorescent increase upon cal-
cium binding [136]. Another approach to assess the involvement of 
Ca2+ signaling is achieved through application of aminoethoxy-
diphenyl borate (2-APB) to block Ca2+ release and examine the 
effect on cytotoxicity endpoints [136, 140]. One criticism for 
2-APB approach is its lack of specificity, a drawback shared by most 
inhibitors. Therefore, alternative approaches, such as overexpress-
ing or knockdown of critical genes in regulating Ca2+ homeostasis, 
should be used to confirm the findings. These procedures could be 
readily performed in established cell lines. An example is that knock-
down of ORAI1 (calcium release-activated calcium channel protein 
1) prevented drug-induced ER stress and decreased cell viability in 
HepG2 cells [136].

In vitro cell lines have long been used for the detection of DNA 
damage and genotoxicity induced by drugs (e.g., goldenseal, acet-
aminophen) [141–147]. One important consideration in choosing 
the cell lines for related studies is the presence of functional p53, a 
central tumor suppressor that regulate many DNA-damage- 
response mechanisms [148]. HepG2 and THLE cells have been 
reported to have functional p53 and carry no p53 mutation [149, 
150], suggesting DNA damage response and growth arrest can be 
activated properly in these cell lines, whereas the HepB3 cell line is 
p53-deficient and Huh7 cells carry a mutation in p53 [149, 151], 
limiting their usage in related mechanism studies.

The most critical evidence of DNA strand breaks can be 
attained through single-cell gel electrophoresis, or commonly 
known as the “Comet assay,” in which the denatured DNA frag-
ments migrate out of the cell and form a “tail” during electropho-
resis [141]. Adjusting the conditions of the “Comet assay” permits 
the detection of both single- and double-strand breaks [141]. 
Another well-recognized marker for DNA damage is the phos-
phorylation of histone H2A.X (γH2A.X), which can be detected 
by immunoblotting or immunostaining assays and shows high sen-
sitivity [144, 152, 153].

In response to DNA damage, cells generally exhibit growth 
cessation or cell cycle arrest, and promote DNA repair [142]. The 
cell cycle distribution can be directly analyzed by flow cytometry. 
Increased expression and activation of the genes involved in cell 
cycle checkpoints and DNA repair, including phosphorylated Chk1 
and Chk2, as well as p53, are frequently observed together with 
DNA damage [145]. An additional mechanism of DNA damage is 
the reduction of DNA topoisomerases (Topo I and Topo II), 
which play a critical role in  regulating DNA strand breakage. 

4.5 DNA Damage 
and Cell Cycle Arrest
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Many compounds have been shown to induce DNA damage 
through inhibition of topoisomerase activities [124, 143].

Multiple cellular stress, such as ROS, ER stress, and DNA damage, 
can trigger autophagy, an intrinsic pathway for degradation of dys-
functional cytoplasmic components. Increasing evidence has sug-
gested that autophagy is one of the underlying mechanisms of DILI 
[154–157], and research has been performed using HepG2 or other 
hepatic cells. Detection of autophagy generally focuses on the exami-
nation of autophagosome formation and autophagic flux. Light chain 
3B (LC3B) is considered as a marker of autophagy; it converts from 
cytosolic LC3B-I to autophagosomal membrane- bound LC3B-II 
through lipidation, and can be detected by Western blot analysis 
[156]. In addition, LC3B can be conjugated to green fluorescent 
protein (GFP) to form a fusion protein  (GFP- LC3B), which enables 
detection of the subcellular location and migration of LC3B by 
immunohistochemistry or flow cytometry analysis. Also, GFP-LC3B 
has been applied to monitor the autophagic flux. Degradation of 
LC3B as an indicator of autophagic flux can be measured by quanti-
fication of free GFP fragments [155]. A HepG2-based cell line stably 
expressing GFP-LC3B has been established to facilitate the easy 
detection and quantification of autophagy [157]. Another character-
istic of autophagic flux is the autophagy-induced degradation of p62, 
which can be examined using Western blot analysis [155]. Further 
exploration regarding the role of autophagy in DILI can be achieved 
by manipulation of autophagy through gene knockdown or applica-
tion of inhibitors such as 3-methyladenine (3-MA) and chloroquine 
(CQ), followed by assessment of various cytotoxicity endpoints.

5 Challenges and Opportunities

Over decades, a variety of hepatic cell lines have been established. 
Their theoretically unlimited availability and friendly culture prop-
erties promote the intensive usage in the toxicological studies. 
Importantly, their applications in the high-content screening have 
greatly facilitated the early stage testing during drug development. 
In addition, the easy manipulation of these cell lines allow various 
genetic modifications and other approaches to be performed, 
which contributes markedly to our understanding of the mecha-
nisms and related signaling pathways of DILI. Their long-term 
stability and proliferating properties enable research on the 
chronic drug effect, repeated dosing, and drug-induced changes 
in the cell cycle. Cell lines, including HepG2 and HepaRG, have 
shown promising predictive power in identifying the DILI risks, 
and advances in mechanistic studies could further facilitate the 
process.

4.6 Autophagy
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However, as discussed above, most of the cell lines suffer from 
low capacity of drug metabolism, insufficient levels of transporters, 
and incomplete regulatory proteins such as nuclear receptors. Even 
HepaRG cells, the most promising surrogate of primary human 
hepatocytes in vitro, display reduced levels of certain CYP enzymes 
(e.g., CYP2D6) and other factors, such as BSEP [46, 58]. These 
deficiencies not only limit the basal levels but also the induction of 
the drug-metabolizing enzymes, and, hence, hinder the precise 
detection of metabolite-mediated toxic effects. Advance in the 
engineered cell lines, either expressing individual CYP enzymes, or 
expressing multiple factors simultaneously, partially overcome 
some of these drawbacks. These cell lines broaden the application 
of in vitro cell lines in metabolic studies, and have advantages in 
exploring the role of particular factors during drug processing. 
Nevertheless, the engineered cell lines still possess imbalanced 
metabolizing properties and cannot generate comprehensive drug- 
metabolism profiles. Therefore, they do not have the full capacity 
for detecting the DILI potential. Similar limitations are observed 
in mechanistic studies; some of the DILI mechanisms cannot be 
investigated using these cell lines due to the low expression of 
related factors, such as the reduced activity of BSEP. It can also 
obstruct our understanding of the connections between different 
mechanisms. This is of particular concern considering that DILI is 
a complex process resulting from the orchestration of multiple 
mechanisms. Due to these reasons, currently in vitro cell lines 
cannot fully replace primary human hepatocytes in toxicological 
testing and related studies, and caution should be exercised when 
extrapolating in vitro data to clinical outcomes.

Advances in technology have brought many new opportuni-
ties into this field. The establishment of new cell lines by immor-
talizing hepatocytes or other methods is expected to result in 
better in vitro models. The recent development of Upcyte® hepa-
tocytes, which renders proliferation properties to human hepato-
cytes, is one example [158, 159]. Generating hepatocyte-like cells 
from induced pluripotent stem cells (iPSC) is another trend 
receiving considerable research interest (See stem cell chapter). 
Simultaneous transfection of multiple metabolizing enzymes into 
available cell lines, as discussed above, has introduced new capa-
bilities to these cell models. Furthermore, the development of 
new platforms, such as 3D cultures, cocultures, liver-on-a-chip, 
and bioartificial livers, using in vitro cell lines alone or in combina-
tion with other cells/materials, has established microenviron-
ments more similar to in vivo conditions [160] (See other chapters 
in the book). Manipulation of the oxygen levels in cell culture by 
external chambers or channels has also been shown to improve the 
metabolic activity of the cell lines [161, 162]. These new develop-
ments will make hepatic cell lines better in vitro tools in DILI 
studies in the future.
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Disclaimer

This chapter is not an official guidance or policy statement of the 
US Food and Drug Administration (FDA). No official support or 
endorsement by the US FDA is intended or should be inferred.
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Chapter 9

Evaluation of Drug-Induced Liver Injuries (DILI) 
with Human Hepatocytes: Scientific Rationale 
and Experimental Approaches

Albert P. Li

Abstract

Preclinical safety evaluation with laboratory animals may not accurately predict human drug safety due to 
species differences in response to toxicants. Here the Human Cell Paradigm, namely, that human-specific 
drug properties can be obtained with in vitro human-based experimental systems is proposed. The success 
of the Human Cell Paradigm depends on the physiological relevance of the in vitro system, namely, the 
retention of human-specific and organ-specific properties. Human hepatocytes, with complete hepatic 
metabolizing enzymes, transporters and cofactors, represent a practical and useful experimental system to 
assess human-specific hepatic drug properties. In this chapter, the scientific rationale and experimental 
approaches for the application of primary cultured human hepatocytes to evaluate drug-induced liver inju-
ries (DILI) is reviewed. This review focuses on experimental approaches based on the Key Idiosyncratic 
Determinant (KID) hypothesis—that drugs with KID are likely to cause idiosyncratic drug toxicity. 
We have identified that metabolism-dependent toxicity and induction of reactive oxygen species as two 
important KIDs. In vitro experimental approaches with primary cultured human hepatocytes that can be 
applied in drug development for optimization and prioritization of chemical structures based on human 
hepatotoxic potential are described.

Key words Drug-induced liver injury, Human hepatocytes, Preclinical safety, Key idiosyncratic 
determinant hypothesis, Metabolism-dependent toxicity, Induction of reactive oxygen species

1 Introduction

Drug-induced liver injury (DILI) continues to be a major challenge 
in drug development [1–4]. The routine safety evaluation 
approaches of preclinical evaluation in laboratory animals followed 
by phase I, II and III clinical trials, are inadequate in the identifica-
tion of DILI drugs, as demonstrated by the occurrence of drug- 
induced liver failures for an alarming number of newly marketed 
drugs. Species-differences in drug toxicity, namely, that human- 
specific toxicity is not readily detected in nonhuman animals, is one 
plausible explanation for the ineffectiveness of preclinical safety  trials. 
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This is further supported by the many cases of clinical trial failures 
due to unexpected liver toxicity for drug candidates that had no 
significant findings in preclinical safety evaluations. The rare inci-
dence rate of DILI, namely, approximately 19 per 100,000 treated 
patients [5], cannot be readily detected in phase I, II, and III clinical 
trials due to the limited number of subjects.

It is clear that the current drug safety evaluation paradigm is not 
adequate in the elimination of drugs with human-specific drug tox-
icity that is detectable only after exposure to a relatively large human 
population due to the rare incidence of occurrence. In this chapter, 
I will present a proposal that evaluation of human-specific drug 
properties using physiologically relevant in vitro human cell- based 
experimental systems should be a critical part of the safety evaluation 
regimen. Specifically, I will review the scientific rationale and experi-
mental approaches with human hepatocytes for the evaluation of 
drug-induced liver injuries that apparently are not detected in pre-
clinical animal safety studies and clinical human safety trials.

2 Roles of the Liver in Drug Toxicity

The liver is the major organ for xenobiotic metabolism (biotrans-
formation), with the parenchymal cells (hepatocytes) responsible 
for virtually all biotransformation activities [6]. Hepatocyte- 
mediated biotransformation is a key determinant of the following 
key drug properties:

 1. Metabolic stability [7]: The rate of metabolism of the parent 
drug by hepatocytes is responsible for the plasma half-life, and 
therefore organ exposure to the parent.

 2. Metabolite generation [8]: The parent drug is metabolized by 
the hepatocytes to various metabolites which may have biologi-
cal properties different from that of the parent. Hepatic metab-
olism of a parent drug to toxic/reactive metabolites is a key 
mechanism for DILI.

 3. Drug-drug interactions [9]: An average patient routinely takes 
several drugs simultaneously, usually for the treatment of mul-
tiple ailments. Some diseases like HIV infection and cancer 
require treatment by multiple drugs. DILI may be exacerbated 
in patients with enhanced metabolic activation via inductive 
drug-drug interactions: induction of drug-metabolizing 
enzyme activity (e.g., CYP3A4) by environmental agents (e.g., 
pollutants; foods) or coadministered drugs (e.g., rifampin). 
Hepatotoxicity potential of a drug may also be amplified via 
diminished detoxification pathways.

 4. Hepatotoxicity [9]: While multiple cell types, including 
Kupffer cells and endothelial cells, are involved in the devel-
opment of hepatotoxicity, the hepatocytes represent the key 
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target cells. Liver failure occurs when the majority of the 
hepatocytes in the liver are severely damaged, leading directly 
or indirectly to liver failure.

In summary, hepatocyte-associated liver functions are key 
determinants of drug toxicity. Metabolic stability determines the 
duration of drug exposure. Metabolite formation affects overall 
toxic potential via metabolic activation and detoxification. Drug- 
drug interaction leads to alterations in parent drug and metabolite 
exposure. Further, hepatocytes are the major in vivo target cells for 
initiation of hepatotoxicity, leading ultimately to hepatic failure. 
Primary human hepatocytes therefore represent a physiologically 
relevant experimental system for the evaluation of DILI [10, 11].

3 Species Difference in Drug Toxicity as a Result of Species  
Difference in Drug Metabolism

A major reason that human hepatocytes represent an important 
in vitro experimental system for the evaluation of human drug 
properties is that they retain human-specific biology. Evidence is 
accumulating that the effectiveness of the classical approach of 
safety evaluation in laboratory animals is limited by species- 
differences in drug properties, especially ADMET drug properties: 
absorption, disposition, metabolism, elimination and toxicity [9, 
12, 13]. Species differences in drug metabolism is a well- established 
phenomenon. The most important drug-metabolizing enzymes 
belong to the cytochromes P450 which are localized mainly in the 
parenchymal cells (hepatocytes) of the liver and are found in other 
organ such as intestinal epithelium [14, 15], lung [16], and kidney 
[17]. Of the major isoforms involved in drug metabolism, namely, 
CYP isoforms 1A, 2B, 2C, 2D, 2E, and 3A, the human isoforms 
are substantially different from those found in rat, dog, and 
monkey (Table 1).

Drug metabolism is a key determinant in drug toxicity: a toxicant 
can be rendered more toxic (metabolic activation) or less toxic 
(detoxification) by biotransformation. Species differences in drug- 
metabolizing enzymes such as cytochromes P450 can lead to spe-
cies differences in xenobiotic toxicity due to differences in rate of 
metabolic activation and detoxification, as well as differences in 
metabolite formation. A clear example is the finding of Easterbrook 
et al. [18] that coumarin to 7-hydroxycoumarin was observed in 
human but not in rat liver microsomes. The report of Lee et al. 
[19] is a pioneering study using animal and human hepatocytes to 
evaluate species-differences in metabolite formation to aid the 
selection of an appropriate animal model for drug development. 
The finding that metabolites formed by rat hepatocytes were 
different from those formed by human hepatocytes suggest that, 
for the drug candidate evaluated, the rat may not be an appropriate 
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experimental model for the assessment of human drug properties. 
Species difference in metabolite formation is now a frequently 
observed phenomenon in drug development.

4 Human Cell Paradigm (HCP) for the Prediction of Human Drug Properties

Because of the known species differences in drug properties, I have 
proposed a new paradigm, the human cell paradigm (HCP) for 
drug development, namely, the application of physiologically rele-
vant human-based in vitro experimental systems to evaluate 
human-specific drug properties, followed by extrapolation of the 
data to humans in vivo [20, 21]. Early assessment of human-drug 
properties will allow optimization of human drug properties as 
well as the selection of the most appropriate animal species for 
preclinical animal trials, thereby enhancing the probability of clini-
cal success. A physiologically relevant in vitro human cell system is 
defined as one that retains both organ-specific and human-specific 
properties, as represented by primary human hepatocytes for the 
evaluation of human hepatic drug properties.

With the HCP paradigm, human-specific adverse drug proper-
ties are obtained using physiologically relevant human cell based 
in vitro experimental systems, followed by prediction of human 

Table 1 
A comparison of hepatic P450 isoforms in human to the four commonly used laboratory animal 
species for safety evaluation (mouse, rat, dog, and monkey)

P450 isoform 
subfamily Human Mouse Rat Dog Monkey

2A 2A6, 2A7, 
2A13

2A4, 2A5, 2A12, 2A22 2A1, 2A2, 2A3 2A13, 
2A25

2A23, 2A24

2B 2B6, 2B7 2B9, 2B10 2B1, 2B2, 2B3 2B11 2B17

2C 2C8, 2C9, 
2C18, 
2C19

2C29, 2C37, 2C38, 
2C39, 2C40, 2C44, 
2C50, 2C54, 2C55

2C6, 2C7, 2C11, 
2C12, 2C13, 
2C22, 2C23

2C21, 
2C41

2C20, 2C43

2D 2D6, 2D7, 
2D8

2D9, 2D10, 2D11, 
2D12, 2D13, 2D22, 
2D26, 2D34, 2D40

2D1, 2D2, 2D3, 
2D4, 2D5, 
2D18

2D15 2D17, 2D19, 
2D29, 2D30, 
2D42

2E 2E1 2E1 2E1 2E1 2E1

3A 3A4, 3A5, 
3A7, 
3A43

3A11, 3A13, 3A16, 
3A25, 3A41, 3A44

3A1, 3A2, 3A9, 
3A18, 3A62

3A12, 
3A26

3A8

Extensive species difference has been established, with P450 1A and 2E found to be the only isoforms that are conserved 
among the multiple animal species. Species difference in P450 isoforms has led to differences in metabolic stability, 
metabolite profiles, as well as drug toxicity and efficacy. The human isoforms commonly investigated are in bold
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in vivo effects using two methods: (1) Direct extrapolation of 
in vitro results to human in vivo using known human in vivo 
parameters (e.g., physiologically based pharmacokinetics data; 
genetic polymorphism; environment factors). This approach has 
been applied successful in the estimation of hepatic metabolic 
clearance and drug-drug interactions. (2) Develop in vitro animal 
results using similar cell systems from multiple species for the selec-
tion of the most relevant animal species for in vivo evaluation and 
extrapolation of results to humans in vivo. This approach is recom-
mended for toxicological endpoints which can be adequately eval-
uated with in vitro approaches such as hepatotoxicity. The key 
emphasis is that human-specific drug properties obtained using 
in vitro human-based experimental systems are critical to the evalu-
ation of human in vivo drug properties (Fig. 1).

5 Human Hepatocyte Cryopreservation as an Enabling Technology

Human hepatocytes can be isolated from human liver biopsies or 
whole livers which have been donated for but not used for trans-
plantation. The application of human hepatocytes in research was 
limited by the general unavailability of human livers for research 
and the lack of hepatocyte isolation expertise in most laboratories. 
We dedicated extensive effort in our laboratory toward the optimi-
zation of hepatocyte isolation, cryopreservation, and recovery of 
hepatocytes from cryopreservation [9, 22–24]. A major advance-
ment is the development of a specialized medium (Cryopreserved 
Hepatocyte Recovery Medium (CHRM™)) which greatly enhanced 
the viability of hepatocytes thawed from cryopreservation. Upon 
recovery in CHRM, the viability (based on dye exclusion) is rou-
tinely >85%, with drug-metabolizing enzyme activities similar to 
that in vivo [21]. Furthermore, approximately 50% of the human 

Human in vivo Animal in vivo

Human in vitro Animal in vitro

Animal Species Selection

Species Comparison

Extrapolation

IVIVE
PBPK

Genetic polymorphism
Risk Factors

Fig. 1 Human cell paradigm (HCP) for the prediction of human drug properties. With the HCP paradigm, empha-
sis is placed on human-specific drug properties obtained with physiologically relevant human-based in vitro 
experimental systems. In vitro results are then extrapolated to in vivo based on known human in vivo param-
eters and/or via the selection of the most appropriate animal species using similar in vitro systems, followed 
by in vivo evaluation in the chosen animal species using a parallelogram approach as illustrated here
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hepatocyte isolations resulted in cryopreserved hepatocytes that 
formed monolayer cultures with >80% confluency (plateable cryo-
preserved human hepatocytes) [21]. We now have extended human 
hepatocyte cryopreservation to the preparation of cryopreserved 
human hepatocytes pooled from multiple donors: cryopreserved 
hepatocytes from individual donors are thawed, cells from multiple 
donors are pooled, and the cells recryopreserved. While individual 
donors can be used to illustrate individual differences, the pooled 
cryopreserved hepatocytes can be used for the investigation of drug 
properties toward a “normalized” human population.

We are also successful in the cryopreservation of nonhuman 
animal hepatocytes. Cryopreserved hepatocytes from multiple ani-
mal species and human can be used in the same experiment for the 
selection of the animal species most resembling human in the drug 
property of interest based on the parallelogram approach as dis-
cussed earlier.

Drug-metabolizing enzyme activities of multiple lots of cryo-
preserved human hepatocytes are shown in Table 2. The morphol-
ogy of cultured cryopreserved human and animal hepatocytes is 
shown in Fig. 2.

Idiosyncratic drug toxicity continues to be a challenge for drug 
developers and regulatory agencies. The low incidence of occur-
rence apparently explains the inability of its detection only after 
post-marketing when a large patient population has been exposed, 
but not in the routinely performed phase I, II and III clinical trials 
with limited patient populations. The Genome Wide Association 
Studies (GWAS) attempting to identify at risk populations identi-
fied apparent links between HLA genotype and susceptibility for 
DILI: HLA-DRB1*16: 01-DQB1*05: 02 genotype for flupirtine 
[25], HLA-B*5701 genotype for flucloxacillin [26], HLA- 
A*33:01 genotype for terbinafine, fenofibrate, and ticlopidine 
[27]. Some non-drug-specific risk factors have also been reported 
for patients of European [27] and Han Chinese descends [28]. At 
the time of this writing, application of common genetic risk factors 
to identify human populations susceptible for idiosyncratic DILI 
have not yet been established.

The Multiple Determinant Hypothesis was put forth [29] to 
aid the explanation of this apparent scientific enigma of idiosyn-
cratic drug toxicity:

The low frequency of idiosyncratic drug toxicity is due to the require-
ments for simultaneous occurrence of multiple critical and dis-
crete events, with the probability for the occurrence of idiosyncratic 
toxicity as a product of the probabilities of each event [29].

These critical and discrete events are considered “risk factors” 
which can be a combination of discrete environmental, genetic, 
and physiological (e.g., metabolic) factors. The hypothesis can 

5.1 The “Multiple 
Determinant 
Hypothesis” 
for the Manifestation 
of Idiosyncratic Drug 
Toxicity
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explain the low incidence rate (product of the incidence rate of 
each discrete risk factor). As nongenetic risk factors can be tran-
sient in nature, identification of the at-risk population is virtually 
impossible. A new paradigm for identification of drugs with idio-
syncratic toxicity is therefore needed.

6 Identification of Drugs with Idiosyncratic Toxicity Based on Common 
Properties

I have previously proposed that drugs with idiosyncratic toxicity 
may have common properties which can be used for their early 
detection and therefore removed from drug development. The key 
to success of this approach is to apply experimental systems with 
human-specific and organ-specific properties, and that the com-
mon properties have mechanistic links to drug toxicity. I would 
like to propose here the following key common drug properties 
which have been modified based on my previous publication [29]:

 1. Toxicity is related to metabolic activation of the parent drug to 
toxic metabolites (metabolically activated), including reactive 
oxygen species (ROS).

 2. Metabolic activation is performed via pathways that can be 
enhanced by environmental and genetic factors (e.g., inducible 
P450).

 3. The toxic metabolites can be detoxified by drug-metabolizing 
enzymes or cofactors (detoxification).

Fig. 2 Morphology of cultured cryopreserved human and animal hepatocytes. The cryopreserved hepatocytes 
formed highly confluent (near 100%) cultures and exhibited the cobble-stone cell shape typical of freshly 
isolated hepatocytes. The successful cryopreservation allows simultaneous experimentation of hepatocytes 
from human and multiple animal species for the selection of the most appropriate animal species for in vivo 
assessment of human drug properties as described for HCP. [Phase-contrast microphotograph (200× 
magnification)]
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An individual who, due to environmental factors including 
exposure to foods, pollutants, and physiological factors such as 
stress, or genetic factors such as drug-metabolizing enzyme poly-
morphism, may be at risk if there is a confluence of risk factors such 
as the following:

 1. Enhanced drug absorption due to decreased enteric drug 
metabolism and/or inhibition of transporter-mediated enteric 
efflux, thereby increasing systemic drug burden.

 2. Enhanced drug-metabolizing enzyme activities for metabolic 
activation, leading to increased toxic/reactive metabolite for-
mation in the target organ (e.g., liver).

 3. Diminished drug-metabolizing enzyme for metabolic detoxifi-
cation and/or detoxifying cofactors (e.g., reduced l- 
glutathione), thereby extending the half-life of toxic/reactive 
metabolites.

 4. Enhanced/presensitized physiological response leading to 
exacerbated cellular damages (e.g., preactivated immune- 
toxicological responses due to exposure of environmental toxi-
cants and/or pathological organisms).

 5. Diminished capacity of the patients to repair and to reverse the 
cascade of events leading ultimately to organ failure.

Based on the above, I would like to discuss key drug properties 
that would define drugs with idiosyncratic drug toxicity—the “Key 
Idiosyncratic Determinants (KID).” I propose here that elucida-
tion of KID may allow early identification of drugs with idiosyn-
cratic toxicity.

7 Metabolism-Dependent Drug Toxicity as a Key Idiosyncratic Determinant (KID)

Individual variations in drug metabolism are a well-established 
phenomenon. A drug where metabolism plays a key role in its 
observed toxicity is likely to elicit individual differences in drug 
toxicity. I hereby propose that drugs that are metabolically  activated 
to highly toxic metabolites are likely to be associated with idiosyn-
cratic drug toxicity. As described earlier, the toxicity of these drugs 
may be significantly enhanced in individuals with a confluence of 
risk factors related to drug metabolism: increased exposure to par-
ent drug plus increased formation of toxic metabolites due to 
enhanced bioactivating metabolic enzyme activity plus compro-
mised detoxification mechanisms.

A corollary of metabolism-dependent drug toxicity as a KID 
is that an individual with a substantially high level drug-metabo-
lizing enzyme activity would be more sensitive to the toxicity of 
a drug with metabolism-dependent toxicity. Drug-metabolizing 
enzyme activity is known to vary among individuals due to genetic 
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(genetic polymorphism) and environmental factors (environmen-
tal pollutants, foods, and medications that are inhibitors or induc-
ers of drug-metabolizing enzymes). The most important 
drug- metabolizing enzymes are cytochrome P450 isoforms 
(CYP), especially CYP3A4, which is known to be responsible for 
the metabolism of over 50% of existing drugs. Large individual 
variation in CYP3A4 activity are known to occur in the human 
population. Cryopreserved human hepatocytes from different 
donors in our laboratory have an approximately 100-fold differ-
ence between lots with the lowest and highest activities (Fig. 3), 
consistent with clinical findings.

We evaluated in our laboratory the hypothesis that hepatic 
cytochrome P450-dependent monooxygenase (CYP) activity is 
one of the key risk factors for drug-induced liver injuries (DILI) 
in the human population, especially for drugs that are metaboli-
cally activated to cytotoxic/reactive metabolites. As CYP3A4 is 
known to be one of the most important P450 isoforms for drug 
metabolism, studies were performed to evaluate the relationship 
between the in vitro cytotoxicity of hepatotoxic drugs and 
CYP3A4 activity for four drugs known to be associated with 
acute liver failure: acetaminophen, cyclophosphamide, ketocon-
azole, and tamoxifen. Using hepatocytes from 19 donors, we 
observed that the human hepatocyte lots with the highest 
CYP3A4 activity were consistently more susceptible to the in vitro 
cytotoxicity of the hepatotoxic drugs, thereby supporting the 
hypothesis that elevated P450 activity may be a risk factor for 
drug-induced liver injuries (Fig. 3).

8 Concurrent Induction of Oxidative Stress and Cytotoxicity as KID

I have earlier proposed that DILI drugs can be identified based on 
the “common properties” hypothesis: drugs that cause idiosyn-
cratic hepatotoxicity may have common chemical and biological 
properties which can be used for their identification [29].

Based on this hypothesis, our laboratory, via a collaboration 
with the National Center for Toxicological Research (NCTR) of 
the US Food and Drug Administration (FDA), embarked upon a 
vigorous research program to evaluate the possibility that toxico-
logical responses of human hepatocytes in vitro could be used for 
the identification of DILI drugs [30]. We hypothesize that a vigor-
ous, nonbiased, quantitative analysis of the dose-response relation-
ship of cellular toxicological response in human hepatocytes may 
allow the identification of endpoints or combination of endpoints 
for accurate identification of drugs associated with severe DILI 
events. The study was performed with strict adherence to the fol-
lowing five requirements:
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 1. Accurate drug annotation: The drugs evaluated in the study 
were annotated as DILI and non-DILI drugs based on com-
prehensive review of the literature, with emphasis placed on a 
list of drugs associated with hepatotoxicity created by an inter-
national collaboration of multiple study groups/registries, 
which provided comprehensive information on hepatotoxicity 
(i.e.,  causality level, severity, reporting frequency, and regional 
difference) based on post-marketing safety experience in dif-
ferent countries [3], and three USA databases for drug-induced 
acute liver failure [31–33] were used for the annotation of the 
DILI status of the drugs.

 2. Metabolic competent experimental system: Primary human 
hepatocytes, the generally accepted gold standard for in vitro 
human drug metabolism studies, were used in the study rather 
than hepatic cell lines which are known to have attenuated 
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drug metabolism capacity. The use of primary human hepato-
cytes would ensure that the drugs evaluated would be sub-
jected to human hepatic metabolism. Furthermore, hepatocytes 
pooled from multiple donors (five male and five female donors) 
were used to avoid results that may be biased to the properties 
of a specific individual and may not be universally applicable.

 3. Mechanistically relevant toxicological endpoints: The endpoints 
chosen for the study-reactive oxygen species (ROS) formation, 
ATP depletion, caspases activation, and glutathione depletion 
allow the quantification of oxidative stress, hepatocellular dam-
age, apoptosis, and reactive metabolite formation, respectively. 
These events are generally believed to occur in DILI events.

 4. Objective data analysis: The identities of the drugs evaluated 
were blinded to the technical team performing the in vitro 
study, and to the computational team for the quantification 
and analysis of the dose-response curves to remove the possi-
bility of objective bias in data collection and analysis.

 5. Validation of approach: The drugs were divided into two sets. 
Set 1, the training set, was used to develop data from which a 
predictive model or rule was developed. An independent 
experiment was then performed with Set 2, the validation set 
which consists of drugs that, with the exception of internal 
controls, were different from Set 1. Data obtained from this 
independent experiment were used to confirm or challenge the 
performance of the predictive model or rule developed from 
the data of the training set.

Our investigation led to a novel finding that the ratio of drug- 
induced reactive oxygen species to cellular ATP depletion (ROS/
ATP ratio) quantitatively measured using human primary hepato-
cyte in response to drug treatment can accurately distinguish drugs 
that were associated with severe (sDILI) in a post-marketing setting 
from the nonsevere DILI (nsDILI) drugs (Fig. 4).

There are clinical data supporting the validity of the success of 
this assay. Watkins [4] made an interesting finding that hepatocel-
lular injury was the major mechanism of toxicity for 16 drugs that 
have been withdrawn from the market or have received boxed 
warning labels due to their association with acute liver failure 
(ALF). This finding was supported by a survey of ALF cases in US 
for a 10.5-year period [33] which showed that 77.8% of all ALF 
reported were due to hepatocellular injury. These clinical findings 
support the use of human hepatocytes as an in vitro system to 
evaluate drug-induced hepatic injury [9, 34]. Results of our study 
support the hypothesis that the ALF dominated mainly by hepato-
cellular injury is most likely predicted by a hepatocyte-based 
in vitro system with well-defined biological endpoint(s). Future 
research will include the development of assays for DILI events not 
related to direct hepatocellular injury such as steatosis, cholestasis, 
and immune-mediated hepatotoxicity.
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9 Human Hepatocyte Assays for Hepatotoxicity Potential in Drug Development

The following are assays developed with human hepatocytes in our 
laboratory for applications in early drug development to minimize 
hepatotoxic potential.

 1. High throughput screening for in vitro hepatotoxicity:
In this assay, plateable cryopreserved human hepatocytes are 

cultured for 4 h, followed by treatment with the test articles for 
a designated time-period (e.g., 24 h), followed by quantification 
of viability. This assay can be performed in 96-, 384-, and 1536-
well plates. In our laboratory, quantification of cellular ATP 
contents is a preferred viability endpoint for its robust signal, 
high sensitivity and low background values (Fig. 5).

 2. Evaluation of metabolism-dependent cytotoxicity:
As described earlier, drugs with metabolism-dependent 

toxicity are likely to cause idiosyncratic drug toxicity due to 
individual differences in drug metabolism as well as fluctua-
tions in drug metabolism capacity in an individual due to envi-
ronmental factors. Further, these drugs may exhibit species 
difference in toxicity due to species difference in drug metabolism. 
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Metabolism- dependent drug toxicity can be evaluated using 
two approaches [35]: (1) Metabolic comparative cytotoxicity 
assay (MCCA): Comparison of cytotoxicity in a metabolically 
competent cell system (e.g., primary hepatocytes) versus that 
in a metabolically incompetent cell system (e.g., Chinese ham-
ster ovary cells); (2) Cytotoxic metabolic pathway identifica-
tion assay: Evaluation of cytotoxicity in primary hepatocytes 
in the presence and absence of a P450 inhibitor (e.g., 
1- aminobenzotriazole). A decrease in cytotoxicity with absent 
or diminished drug metabolism would suggest that the drug 
evaluated exhibits metabolism-dependent toxicity (Fig. 6).

 3. ROS/ATP assay for sDILI
As described earlier, this assay was codeveloped between 

our laboratory and FDA National Center for Toxicological 
Research [30]. The assay identifies drugs with severe DILI 
properties (drugs known to cause liver failure) with >85% spec-
ificity and sensitivity. In this assay, primary cultured human 
hepatocytes are treated with seven concentrations of the test 
articles for 48 h, followed by evaluation of both reactive 
oxygen species (ROS) formation and viability based on cellular 
ATP contents. The area-under-the curve of a plot of the 
ROS/ATP ratio vs drug concentration is used to delineate 
sDILI and non-sDILI drugs (Fig. 4).
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10 Conclusion

Drugs with idiosyncratic drug toxicity cannot be readily identified 
using routine preclinical and clinical safety regiments due to its 
human specificity (thereby cannot be detected in laboratory animals 
during preclinical trials), and/or its low incidence (thereby cannot 
be readily detected in clinical trials due to the limited number of 
subjects). I have previously proposed the Multiple Determinant 
Hypothesis to explain the idiosyncratic phenomenon, namely, that 
the low incidence of idiosyncratic drug toxicity is due to the rare, 
concurrent existence of multiple discrete risk factors in the affected 
individuals. The hypothesis led to my proposal that definition of 
the risk factors may allow the establishment of an effective approach 
to identify drugs with idiosyncratic toxicity.

I also proposed the Human Cell Paradigm which states that 
human drug properties can be evaluated with human-cell based 
experimental approaches. The prerequisite for the success of the 
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approach is to utilize experimental systems with human-specific 
and organ-specific properties. Primary human hepatocytes thereby 
represent the most relevant experimental system for the evaluation 
of idiosyncratic drug-induced liver toxicity in the human popula-
tion. Primary human hepatocytes are known to retain human- 
specific drug-metabolizing enzymes and cofactors, and unlike 
cell-free systems such as liver microsomes, can be used for the 
evaluation of toxicological responses.

I have identified metabolism-dependent drug toxicity and the 
co-occurrence of oxidative stress and hepatocyte toxicity as the key 
idiosyncratic determinants. That metabolism-dependent drug tox-
icity is an important property of drugs with idiosyncratic toxicity is 
supported by the well-established observation of vast individual dif-
ferences in drug metabolism capacity, and that multiple environ-
mental and genetic factors can upregulate or downregulate 
drug- metabolizing enzymes such as P450 isoforms. Further, similar 
environmental factors can downregulate detoxification pathways. 
Another strong support for metabolism-dependent drug toxicity as 
a key determinant of idiosyncratic drug toxicity is that a vast major-
ity of drugs with idiosyncratic drug toxicity are known to form reac-
tive metabolites. Reactive metabolites can exert initial cell stress 
through a wide range of mechanisms including depletion of gluta-
thione (GSH), or binding to enzymes, lipids, nucleic acids and 
other cell structures. Furthermore, reactive metabolites or parent 
drugs may specifically inhibit other hepatocellular functions such as 
the apical (canalicular) bile salt efflux pump (BSEP), in which case 
the subsequent intracellular accumulation of its substrates may 
cause secondary toxic hepatocyte damage [36, 37]. Covalent inter-
action of reactive metabolites with cellular and mitochondrial mac-
romolecules which, in conjunction with ROS induction may initiate 
cytotoxic events critical to the onset and propagation of liver inju-
ries, leading ultimately to total liver failure. Elimination of drug 
candidates in drug development based purely on reactive metabolite 
formation using human liver microsomes has not been productive 
due to apparent false positive results. I propose here to identify 
drugs with metabolism-dependent toxicity based on in vitro hepa-
totoxicity in primary culture human hepatocytes to minimize arti-
facts of cell free experimental systems.

Our empirical finding that the ROS/ATP ratio accurately 
identifies drugs with severe DILI properties suggests that 
 co- occurrence of reactive oxygen species and cytotoxicity is a key 
idiosyncratic determinant. Our observation is consistent with a 
current hypothesis suggesting that causative events of liver injuries 
involve impairment of ATP synthesis, opening of mitochondrial 
permeability transition pore, specific changes in mitochondrial 
morphology, impaired Ca2+ uptake, generation of mitochondrial 
reactive oxygen species (mtROS) which initiate inflammatory 
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events critical to the ultimate onset of liver injuries [38]. ROS 
production and reduction of cellular ATP may not be the ultimate 
mechanism of liver failure, but could be key initiating events.

Lastly, I would like to emphasize the following: We need to 
accept the inadequacy of current safety testing regimes in the iden-
tification of drugs with idiosyncratic hepatotoxicity. Toxicology as a 
discipline in the past relies on the generalized doctrine that in vivo 
animal experimentation represents the most accurate preclinical 
approach to predict human drug toxicity. This approach of course 
is valuable in the elimination of drugs with toxicity both in animals 
and humans, but not for drugs with human-specific toxicity. I propose 
that drugs with human-specific toxicity need to be evaluated with 
mechanistic approaches in experimental systems with human-specific 
biology relevant to the toxic events. Primary human hepatocytes 
accompanied with toxicologically relevant experimental approaches 
as described in this review represent a logical and hopefully useful 
approach to overcome the challenge of drug-induced idiosyncratic 
hepatotoxicity.
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Chapter 10

Status and Use of Induced Pluripotent Stem Cells (iPSCs) 
in Toxicity Testing

Min Wei Wong, Chris S. Pridgeon, Constanze Schlott,  
B. Kevin Park, and Christopher E.P. Goldring

Abstract

Adverse drug reactions (ADRs) are a major cause of drug attrition during development and withdrawal 
from market. Hepatotoxicity is among the most common reasons given for drug attrition or withdrawal; 
this occurs for a multitude of reasons among which is certainly the lack of adequate models able to reca-
pitulate hepatotoxicity in vitro. The loss of compounds in late-stage testing or after marketing is a major 
financial burden for the pharmaceutical industry and improved models capable of predicting human toxic-
ity of novel compounds at the early stages of testing are highly sought-after. An ideal novel hepatotoxicity 
model of should be amenable to high-throughput screening and able to recapitulate the hepatic phenotype 
over an extended period and also model idiosyncratic drug-induced liver injury (DILI). There are no cur-
rently models able to fulfill these requirements.

Pluripotent stem cell-derived hepatocyte-like cells (PSC-HLCs) are a developing model which show 
promise for hepatotoxicity testing. However, the current phenotype of PSC-HLCs is closer to a fetal hepa-
tocyte than an adult hepatocyte. The methodologies for generating mature PSC-HLCs close to an ideal-
ized hepatotoxicity model remain to be developed, though incremental improvements to the state-of-the-art 
are frequently made. Novel PSC-HLC technologies are being developed independently in many research 
groups; as such there is a need for standardization in benchmarking of these cells and for evaluating the 
performance and functionality of newly developed HLC models.

Key words iPSC, ADR, DILI, Hepatotoxicity, HLCs, Drug safety

1 Introduction

Adverse drug reactions (ADR) are a major problem for clinicians 
and pharmaceutical industry. Of all the different targets of ADRs, 
the liver is the most susceptible organ; drug-induced liver injury 
(DILI) is the second highest cause of drug attrition [1] and 
accounts for more than 50% of cases of acute liver failure [2, 3] and 
therefore is related to a high morbidity and mortality [4]. DILI is 
a major financial burden for healthcare providers and the 
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 pharmaceutical industry and therefore, early detection of DILI 
during the drug discovery process would be beneficial to minimize 
costs, improve patient safety and save resources. A reliable in vitro 
model for predicting DILI in humans should resemble the in vivo 
liver phenotype and be able to support long term studies and high 
throughput screening (HTS) for toxicity assessment.

Currently several in vitro models are used to predict the hepa-
totoxicity of new chemical entities (NCEs), including HepG2 and 
HepaRG cells, which are widely used in the pharmaceutical and 
chemical industries for initially screening of NCEs. These models 
have high proliferative capacity and their ease of culture, economi-
cal and ready availability and amenability for HTS in the industry 
make them convenient for generating reproducible data [5, 6]. 
HepG2 cells are an immortalized cell line derived from a hepato-
cellular carcinoma of a 15-year-old Caucasian male and are the 
most widely used line. These cells are highly differentiated and 
exhibit several genotypic features of normal human liver cells and 
therefore can be used in the screening of cytotoxicity at the lead 
generation phase of NCEs [7, 8]. The main disadvantage of HepG2 
cells is their negligible phase I metabolism when compared with 
human primary hepatocytes (hPH) [9, 10]. Consequently, HepG2 
cells are suitable for testing parent drug-toxicity but inappropriate 
for metabolite toxicity testing.

The HepaRG cell line shows better metabolic activity than 
HepG2 cells though still less than hPH [10, 11]. Gerets et al. 
showed that 21 out of 45 investigated drug metabolism related 
genes were significantly more highly expressed in HepaRG com-
pared to HepG2, including CYP3A4, one of the most important 
xenobiotic metabolism enzymes [5]. Furthermore, they found that 
HepaRGs are the most inducible model in comparison to HepG2 
and hPH and showed a comparable level of liver-specific gene 
expression to hPH, making them preferable in toxicity testing 
[12]. In spite of this, immortalized cell lines in general are not an 
ideal option for modeling DILI due to their limited metabolic 
capacities [13]. It also should be remembered that they are derived 
from hepatocellular carcinoma and may exhibit abnormal karyo-
types and expression patterns, which do not mimic normal in vivo 
hPH [14].

HPHs are probably the cells that are the nearest model we 
have to a gold standard to provide human predictive DILI data. 
They can retain much of the liver specific phenotype for a short 
period under simple culture conditions [15], and are at present 
the closest in vitro cell model to human liver. However, the 
scarcity of suitable donor tissues and the nonproliferative nature 
of hPH results in a limited availability and life span of hPHs 
[16–18]. In vitro, they also rapidly undergo a progressive dedif-
ferentiation process culminating in dramatic loss of the liver-
specific phenotype [19, 20]. These drawbacks associated with 
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the use of hPH means that despite their close resemblance to 
human liver, they are a suboptimal model for toxicological stud-
ies. Moreover, their use is confounded by interindividual vari-
ability between hPH donors where repeat studies on a single 
genetic background are not possible, which may complicate the 
interpretation and analysis for studies involving NCEs. In addi-
tion, these disadvantages make hPH challenging to apply to 
HTS. However, since hPH are the only cell type to faithfully 
recapitulate the key metabolic enzymes in the liver, they remain 
a standard model against which other cell models should be 
compared [21].

In recent years, numerous attempts have been made to improve 
the longevity of hPH in vitro. Media supplements including nico-
tinamide [22, 23] and DMSO together with several growth factors 
[24] improved the phenotypic stability and lifespan of the 
hPH. Other efforts to overcome the short lifespan include the 
development of 2D-coculture systems [25], 3D-culture systems 
[26–28] and 3D-bioreactor technology [29]. These systems enable 
better cell–cell and cell–ECM interactions, which have been 
reported to be crucial for maintaining liver specific pathways and 
functions [30, 31].

Despite promising developments in hPH culture, they have 
never been shown to exactly duplicate cells as they exist in an intact 
liver in vivo, and interdonor variability also remains an issue, caus-
ing differences in the expression of drug-metabolizing enzymes 
and transporters leading to varying detoxification potentials and 
hindering reproducibility [32]. Rodent primary hepatocytes and 
cell lines are commonly used as an alternative to hPH for toxico-
logical screening purposes but interspecies differences for these cell 
lines compared to hPH may negatively impact the predictivity of 
human DILI [33].

An attractive alternative for modeling DILI is the use of 
hepatocyte- like cells (HLCs) derived from human induced plurip-
otent stem cells (hiPSCs). Their proliferative ability and the poten-
tial to mimic disease-susceptible phenotypes are major assets. These 
cells will be the focus of the remainder of this chapter.

2 Production of Pluripotent Stem Cells

Induced pluripotent stem cells (iPSCs) may be reprogrammed 
from theoretically any cell type by inducing ectopic expression of 
the so-called “Yamanaka Factors.” The efficacy of these factors in 
iPSCs was first observed in mice in 2006 and was subsequently 
developed in human cells [34, 35]. Typically the factors used in the 
induction of pluripotency are OSKM (OCT4, SOX2, KLF4, and 
MYC), although MYC is sometimes not used due to its role at a 
potent oncogene [36, 37]. In addition, OSNL, instead of OSKM, 
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has been used to generate PSCs where KLF4 and MYC are replaced 
with NANOG and Lin-28 [38].

The method of delivery of these factors can determine what 
downstream purposes the resultant iPSCs are suitable for. 
Integrative methods rely upon integrating new copies of the genes 
into the host genome where they can be highly expressed. These 
methods tend to be the most efficient but the transgenes cannot 
easily be removed once pluripotency has been achieved; this is not 
ideal as the transgenes may pose an oncogenic risk if used thera-
peutically [39]. Integrative methods, such as those used to gener-
ate the first iPSCs, require the use of retroviruses, lentiviruses or 
the use of an integrating plasmid [34, 35, 38].

In contrast, non-integrative methods tend to be less efficient 
than integrative methods but do not continue ectopic expression 
of the chosen factors after pluripotency has been achieved. 
Pluripotency can be maintained without constant, high levels of 
expression of the pluripotency factors. These methods typically 
include the use of integration incompetent or deficient viruses, 
such as Sendai virus or adenovirus; nonintegrating plasmids, or 
through the delivery of RNA or proteins of the pluripotency fac-
tors. iPSCs generated by non-integrative methods may be deemed 
suitable for therapeutic use. However, when using DNA-based 
methods the possibility of integration, however slight, remains. 
RNA- or protein-based reprogramming methods have no possibil-
ity of integrating into the host genome, although these methods 
are labor-intensive and in the case of protein delivery, relatively 
inefficient [40–42].

3 Developing iPSC-Derived Models for Toxicological Studies

Sison-Young et al. recently investigated protein expression in cryo-
preserved hPH and several cell lines (HepG2, Upcyte, and 
HepaRG) and concluded that none of the cell lines display cyto-
chromes P450 expression comparable to those found in hPH with 
the exception of satisfactory CYP3A4 expression in HepaRG cells 
[10]. Therefore, the authors proposed that since these cell lines do 
not express the relevant metabolic enzymes at satisfactory levels, 
they are poor sources for the acquisition of relevant toxicological 
data which relies on metabolite formation or drug bioactivation 
(Fig. 1).

The expression profile of phase II enzymes was also examined 
and was shown to be more promising; HepG2 cells and Upcytes 
have GSTM3 (a major glutathione transferase) expression compa-
rable to hPH, indicating their applicability in GSH conjugation 
studies. The authors also reported that the phase II expression 
 profile of HepaRG cells shows multiple glutathione S-transferases 
equivalent to cryopreserved hPH. These cell lines were shown to 
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Fig. 1 Postulated convenience in drug safety assessment of different human cell culture models relative to 
physiological (metabolic) relevance of different current human liver models: a viewpoint. Currently, no ideal 
in vitro model of hepatotoxicity exists. An ideal model would fully recapitulate toxicity observed in human liver 
and also be cheap, easy to culture long-term and amenable to HTS (high throughput screening). This figure 
shows the metabolic relevance of current in vitro human liver models (y-axis) against their convenience for 
drug safety testing (x-axis). This encompasses factors such as ease of culture, availability, cost, amenability to 
HTS and similar factors. It is not implied that convenience necessarily has any impact on the value of the data 
or that it is inherently more or less useful than a less convenient model. A hypothetical ‘ideal model’ is shown 
for comparison. 3D culture typically improved metabolic relevance but makes routine culture and implementa-
tion of HTS more challenging. None of these models encompass any aspects of the immune system that may 
be implicated in relatively simple DILI and is certainly involved in the difficult-to-predict idiosyncratic DILI. 
hPH—Highly relevant to human liver when fresh, extremely difficult to culture long-term without loss of phe-
notype. Difficult to effectively cryopreserve [98], confounded by scarcity and interdonor variability. iPSC- 
HLCs—Non-static model with constantly improving protocols, overcomes hPH issues of scarcity and interdonor 
variability while retaining advantages of multiple genetic backgrounds, currently difficult to culture large-scale 
and confounded by low metabolic relevance. Advanced cell lines—e.g., HepaRG. Static model from a single 
genetic background showing improvement over traditional cancer cell lines. Expensive and more laborious to 
culture than traditional cell lines. Traditional cell lines—e.g., HepG2. Static model from a single genetic back-
ground with minimal expression of hepatic-specific genes, inexpensive and readily available, simple to culture 
and highly amenable to HTS. Lack of phase I metabolism makes them unsuitable for testing compounds 
requiring metabolism for toxicological events
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have a similar expression profile of transporter proteins to hPH and 
could serve as an alternative to primary cells for studying certain 
drug transporter proteins. The same applies with Nrf2-regulated 
proteins, required to study the cellular adaptation to oxidative 
stress after chemical insult via antioxidant pathway [10].

The authors also investigated the ability of these models to 
correctly identify DILI-causing compounds. The results showed 
that although none of the models were capable of identifying all of 
the tested compounds correctly, hPH were the most sensitive cell 
model particularly when in vivo exposure levels were considered. 
The authors suggest the application of hPH as an effective model 
for prediction of DILI risk at later phases of drug development 
when in vivo exposure data has been acquired. They also deemed 
the tested cell lines unsuitable for predicting DILI risks in early 
phase of drug development and called for the urgent development 
of more sophisticated toxicological assessment models for studying 
the idiosyncratic nature of DILI and also the chemical insult in 
hepatocytes [21].

4 Shortcomings and Challenges Encountered for Existing iPSC-Derived Models 
to be Applied in Pharmacological and Toxicological Assessment

A number of studies report that stem cells derived HLCs are insuf-
ficiently mature to express the phenotype of adult hPHs [43–76] 
and that they more closely recapitulate a fetal hepatocyte [77]. 
There are several studies which describe the differentiation of a 
mature hepatic phenotype in HLCs, however these studies are 
often set backed by poor handling of controls cells (for example, 
the use of dedifferentiated rather than freshly isolated hPHs) or 
non-physiologically relevant controls (e.g., HepG2). Furthermore, 
the phenotyping of these models is often inadequate and fails to 
implement quantitatively relevant assays such as mass spectrome-
try. This lack of benchmarking in assessing HLCs has hindered the 
development of the model [78] (Fig. 2).

More positively, it has recently been demonstrated that the 
phenotype of HLCs retains some of the phenotype of the donor 
cells. For example, Yusa et al. demonstrated that α1-antitrypsin 
deficiency could be modeled and reversed in HLCs [79]. Another 
study showed that the expression profile of CYP2C9 and CYP2D6 
were retained from the donor cell, which is particularly useful for 
toxicity elicited by drugs where these metabolic enzymes are 
required, such as benzbromarone and tamoxifen [80, 81]. CYPs 
are phase I xenobiotic metabolism enzymes that are fundamental 
for chemical functionality and drug elimination of the liver. 
However, xenobiotic metabolism can lead to the production of 
chemically reactive metabolites which damage cellular macromol-
ecules and, at sufficient abundance, lead to DILI [82]. For this 
reason, the ability to reproducibly model rarer phenotypes which 
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may be more prone to DILI is likely to be a major advantage for 
HLCs and is something that cannot easily be achieved with other 
current models.

The possibility of using HLCs as a hepatic model to study DILI, 
which is able to combine the most sought-after aspects of hPH met-
abolic capability and cancer cell line longevity and reproducibility 
has long been suggested. However, there are several key challenges 
which must be overcome before this goal can be fully realized:

Current HLC differentiation protocols condense the entirety of in 
utero development to just a few weeks [43, 44, 83]. This may 
explain the lack of maturity found in current HLC models. 
Moreover, it is well known that cytochromes P450 maturation in 
the liver continues postpartum in the first months of life [78]. As 
such, it is necessary to improve the methodologies of the model 
development using in vivo liver development as a guide. Some 
recent published works using vitamin K and lithocholic acid to 
model environmental exposure postpartum showed improvements 
in the hepatic phenotype [75]. Other similar developments should 
also be investigated.

A recent study showed that HLCs should maintain their hepatic 
phenotypes (assessed by rate of albumin and urea secretion) for a 
longer term when co-cultured with a supportive cell type, e.g., 
fibroblasts. Similar to hPH, HLCs undergo dedifferentiation when 
cultured in isolation [84]. An ideal model should be stable and 
long-term for the study of chronic toxicity.

4.1 HLC 
Differentiation 
Protocols must Mimic 
Several Months 
of Embryonic 
Development 
and Beyond

4.2 Currently HLCs 
in Culture Are 
Unstable, Similar 
to hPH—An Ideal 
Model Should Exhibit 
Stability In Vitro

Fig. 2 Simple illustration of how HLCs may be generated from somatic cells. The starting cell type, which could 
be any cell type in the body, is reprogrammed to yield induced iPSCs via integrative or non-integrative methods 
[39, 40]. The iPSCs are then typically subjected to a series of differentiation processes via classical differentia-
tion factors (e.g., Wnt3a, DMSO, HGF, OSM, Dexamethasone, and also using other novel methods including 
small molecule differentiation, e.g., dihexa) to generate hepatocyte-like cells (HLCs)
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In order to fully recapitulate the hepatic function in vitro, one 
should consider a three-dimensional culture approach that com-
prises all cell types found in the liver acinus [84, 85]. Moreover, 
one should also appreciate the well-established fact that hepato-
cytes function variably depending on the hepatic zones in which 
the cells are located. Hence, certain hepatotoxins damage hepatic 
cells in a hepatic-zone specific manner. This is not fully considered 
in the stem cell discipline, as the current focus is to develop avail-
able HLC models into maturity without sufficient consideration 
for what maturation means, i.e., at a very basic level, do we aspire 
to generate a periportal or a perivenous hepatocyte?

Ware et al. [86] suggested utilizing HLCs for DILI detection 
in micropatterned cocultures where cells are used at a “sufficiently” 
matured state. Producing mature HLCs is challenging due to the 
myriad functions hepatocytes perform in vivo making them among 
the most complex cell types, and therefore it may be beneficial to 
use HLCs in an “as is” state rather than wait until “perfect” hepa-
tocytes are generated.

5 Suggested Culture Methods to Improve the Phenotype of Hepatocyte-like Cells

It is understood that 2D single-cell models are insufficient for the 
recapitulation of the full complexity of DILI development, and 
current research efforts are focused on developing complex models 
to study it and enhance HLCs [10]. Other DILI models are also 
under development, including co-culture models, spheroids, and 
microfluidics systems [28, 87, 88]. It is suggested that the meth-
odologies used in developing the models could be modified and 
used in maturing the phenotype of HLC models.

Multiple studies have investigated hepatic spheroids; For 
example InSphero have utilized a hanging drop system to pro-
duce microtissues using both single cell and multi-cell type for-
mats with both primary cells or cancer cell lines [89]. It has been 
shown that culturing HepG2 and HepaRG cells in a hanging 
drop system enhances their expression and inducibility of CYP 
mRNAs compared with 2D culture [90]. 3D culture may also 
prove beneficial if applied to HLCs. Recently, proteomic experi-
ments have shown that paracetamol treatment of hPH spheroids 
in hanging drop produced novel mitochondrial protein adducts 
indicating the ability of these cells to bioactivate paracetamol to 
NAPQI [91].

Micropatterned plates have been reported to improve the phe-
notype of hPH in culture. Micropatterned co-culture of hPH with 
fibroblasts showed improved predictive capacity with a panel of at 
least 17 test compounds [92]. In addition, when elements of the 
innate immune system such as the Kupffer cells are included, the 
system may be able to model some of the mechanisms underlying 

4.3 The Complexity 
of the Liver Should 
Be Emulated, Such 
As Its Role for First- 
Pass Metabolism 
and 3D Architecture
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idiosyncratic DILI [93]. Other innovative liver models may also be 
considered for improvement of the HLC phenotype including 3D 
bioprinted systems and perfused microtiter plate cultures [94].

6 Phenotyping iPSC Models Is Essential for Standardization

Many research groups are producing HLCs using their own meth-
odologies for toxicological assessment. These assessments often 
lack intergroup standardization, which presents a challenge when 
comparing results from different labs [43–76]. Therefore, a bench-
mark requirement for evaluating HLCs’ drug-metabolizing phe-
notype should be established, especially in comparison to common 
cell types used in industry (e.g., hPH, HepG2, and HepaRG cells). 
Standardization of phenotyping for all HLC lines would enable 
direct comparison between lines and protocols to simplify the 
identification of true advancement in the field without interference 
from methodological, clonal, or donor variation.

There are several other criteria for standardizing HLCs: their 
generation and application should be reproducible and the phar-
macological phenotype should be characterized using a defined 
panel of training compounds and compared with a fixed reference 
to determine true progress. Mass spectrometry is essential as part 
of this benchmarking and should be integrated as part of the assays. 
The ideal technique for toxicological assessment is global pro-
teomic assessment, as this approach provides an overarching visu-
alization of the model’s physiological phenotype. Due to recent 
advancement in mass spectrometry technique [95], it can now 
provide a platform for readily comparing HLCs with other cell 
models.

Finally, the phenotypic characterization of hepatic models 
could be enhanced by better understanding of the mechanisms 
underlying the dedifferentiation in hPH. Considering that hPH 
start to lose phenotype once removed from the body and original 
neighboring non-parenchymal cells [96, 97], this presents a 
 challenge in maintenance and culture. Improved understanding of 
dedifferentiation may inform novel approaches for differentiation 
of HLCs [20].

7 Conclusions and Future Requirements

The complex and often idiosyncratic nature of DILI is probably 
due to interindividual variability as well as the multidimensional 
nature of the pathology of DILI—this presents a challenge for 
researchers to generate in vitro models that can begin to recapitu-
late the liver biology and the DILI phenotypes [82]. For example, 
Sison-Young et al. recently showed that there are currently no ideal 
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in vitro models that can replicate the toxicological data generated 
by hPH which is also an imperfect model [10]. hPH quickly dedif-
ferentiate and lose most of their xenobiotic metabolism capabili-
ties, hindering the collection of reproducible data [20]. We still do 
not fully understand the physiological relevance of data generated 
from immortalized cell lines, which often lack the xenobiotic 
enzymes required for bioactivation, therefore there is an urgent 
demand for new in vitro models [10]. The next generation of 
in vitro models must have a pharmacological phenotype relevant to 
human liver so that the generated data are reliable for investigating 
xenobiotic bioactivation and/or bioaccumulation [10]. 
Multicellular models incorporating HLCs with non-parenchymal 
liver cells or immune cells have the potential to become a platform 
for studying DILI and as an alternative to hPH for generating 
reproducible data to study the interaction of NCEs with human 
liver—but these multicell models have to depend on the “quality” 
or maturity, of the cells, including iPSC-derived cells, that will be 
used to build them.

References

 1. Laverty H et al (2011) How can we improve 
our understanding of cardiovascular safety lia-
bilities to develop safer medicines? Br 
J Pharmacol 163(4):675–693

 2. Ostapowicz G et al (2002) Results of a pro-
spective study of acute liver failure at 17 ter-
tiary care centers in the United States. Ann 
Intern Med 137(12):947–954

 3. Mindikoglu AL, Magder LS, Regev A (2009) 
Outcome of liver transplantation for drug- 
induced acute liver failure in the United States: 
analysis of the United Network for Organ 
Sharing database. Liver Transpl 
15(7):719–729

 4. Pirmohamed M et al (2004) Adverse drug 
reactions as cause of admission to hospital: pro-
spective analysis of 18 820 patients. BMJ 
329(7456):15–19

 5. Gerets HH et al (2012) Characterization of 
primary human hepatocytes, HepG2 cells, and 
HepaRG cells at the mRNA level and CYP 
activity in response to inducers and their pre-
dictivity for the detection of human hepatotox-
ins. Cell Biol Toxicol 28(2):69–87

 6. O’Brien PJ et al (2006) High concordance of 
drug-induced human hepatotoxicity with 
in vitro cytotoxicity measured in a novel cell- 
based model using high content screening. 
Arch Toxicol 80(9):580–604

 7. Gerets HH et al (2009) Selection of cytotoxic-
ity markers for the screening of new chemical 
entities in a pharmaceutical context: a 

 preliminary study using a multiplexing 
approach. Toxicol In Vitro 23(2):319–332

 8. Sassa S et al (1987) Drug metabolism by the 
human hepatoma cell, Hep G2. Biochem 
Biophys Res Commun 143(1):52–57

 9. Xu JJ, Diaz D, O’Brien PJ (2004) Applications 
of cytotoxicity assays and pre-lethal mechanistic 
assays for assessment of human hepatotoxicity 
potential. Chem Biol Interact 
150(1):115–128

 10. Sison-Young RL et al (2015) Comparative pro-
teomic characterization of 4 human liver- 
derived single cell culture models reveals 
significant variation in the capacity for drug 
disposition, bioactivation, and detoxication. 
Toxicol Sci 147(2):412–424

 11. Nelson LJ et al (2017) Human hepatic 
HepaRG cells maintain an organotypic pheno-
type with high intrinsic CYP450 activity/
metabolism and significantly outperform stan-
dard HepG2/C3A cells for pharmaceutical and 
therapeutic applications. Basic Clin Pharmacol 
Toxicol 120(1):30–37

 12. Wu Y et al (2016) The HepaRG cell line, a 
superior in vitro model to L-02, HepG2 and 
hiHeps cell lines for assessing drug-induced 
liver injury. Cell Biol Toxicol 32(1):37–59

 13. Guo L et al (2011) Similarities and differences 
in the expression of drug-metabolizing 
enzymes between human hepatic cell lines and 
primary human hepatocytes. Drug Metab 
Dispos 39(3):528–538

Min Wei Wong et al.

minjun.chen@fda.hhs.gov



209

 14. Wong N et al (2000) A comprehensive karyo-
typic study on human hepatocellular carcinoma 
by spectral karyotyping. Hepatology 
32(5):1060–1068

 15. Smith CM et al (2012) A comprehensive evalu-
ation of metabolic activity and intrinsic clear-
ance in suspensions and monolayer cultures of 
cryopreserved primary human hepatocytes. 
J Pharm Sci 101(10):3989–4002

 16. Guillouzo A et al (2007) The human hepatoma 
HepaRG cells: a highly differentiated model for 
studies of liver metabolism and toxicity of 
xenobiotics. Chem Biol Interact 
168(1):66–73

 17. Madan A et al (2003) Effects of prototypical 
microsomal enzyme inducers on cytochrome 
P450 expression in cultured human hepato-
cytes. Drug Metab Dispos 31(4):421–431

 18. Richert L et al (2006) Gene expression in 
human hepatocytes in suspension after isola-
tion is similar to the liver of origin, is not 
affected by hepatocyte cold storage and cryo-
preservation, but is strongly changed after 
hepatocyte plating. Drug Metab Dispos 
34(5):870

 19. Sjogren AK et al (2014) Critical differences in 
toxicity mechanisms in induced pluripotent 
stem cell-derived hepatocytes, hepatic cell lines 
and primary hepatocytes. Arch Toxicol 
88(7):1427–1437

 20. Heslop JA et al (2017) Mechanistic evaluation 
of primary human hepatocyte culture using 
global proteomic analysis reveals a selective 
dedifferentiation profile. Arch Toxicol 
91(1):439–452

 21. Sison-Young RL et al (2017) A multicenter 
assessment of single-cell models aligned to 
standard measures of cell health for prediction 
of acute hepatotoxicity. Arch Toxicol 
91(3):1385–1400

 22. Inoue C et al (1989) Nicotinamide prolongs 
survival of primary cultured hepatocytes with-
out involving loss of hepatocyte-specific func-
tions. J Biol Chem 264(9):4747–4750

 23. Katsura N et al (2002) Long-term culture of 
primary human hepatocytes with preservation 
of proliferative capacity and differentiated func-
tions. J Surg Res 106(1):115–123

 24. Kost DP, Michalopoulos GK (1991) Effect of 
2% dimethyl sulfoxide on the mitogenic prop-
erties of epidermal growth factor and hepato-
cyte growth factor in primary hepatocyte 
culture. J Cell Physiol 147(2):274–280

 25. Bale SS et al (2015) Long-term coculture strat-
egies for primary hepatocytes and liver sinusoi-
dal endothelial cells. Tissue Eng Part C 
Methods 21(4):413–422

 26. Gomez-Lechon MJ et al (1998) Long-term 
expression of differentiated functions in hepa-
tocytes cultured in three-dimensional collagen 
matrix. J Cell Physiol 177(4):553–562

 27. Bachmann A et al (2015) 3D cultivation tech-
niques for primary human hepatocytes. 
Microarrays 4(1):64–83

 28. Bell CC et al (2016) Characterization of pri-
mary human hepatocyte spheroids as a model 
system for drug-induced liver injury, liver func-
tion and disease. Sci Rep 6:25187

 29. Knospel F et al (2016) In vitro model for hepa-
totoxicity studies based on primary human 
hepatocyte cultivation in a perfused 3D biore-
actor system. Int J Mol Sci 17(4):584

 30. LeCluyse EL, Audus KL, Hochman JH (1994) 
Formation of extensive canalicular networks by 
rat hepatocytes cultured in collagen- sandwich 
configuration. Am J Phys 266(6 Pt 
1):C1764–C1774

 31. Bedossa P, Paradis V (2003) Liver extracellular 
matrix in health and disease. J Pathol 
200(4):504–515

 32. den Braver-Sewradj SP et al (2016) Inter- donor 
variability of phase I/phase II metabolism of 
three reference drugs in cryopreserved primary 
human hepatocytes in suspension and mono-
layer. Toxicol In Vitro 33:71–79

 33. Olson H et al (2000) Concordance of the tox-
icity of pharmaceuticals in humans and in ani-
mals. Regul Toxicol Pharmacol 32(1):56–67

 34. Takahashi K, Yamanaka S (2006) Induction of 
pluripotent stem cells from mouse embryonic 
and adult fibroblast cultures by defined factors. 
Cell 126(4):663–676

 35. Takahashi K et al (2007) Induction of pluripo-
tent stem cells from adult human fibroblasts by 
defined factors. Cell 131(5):861–872

 36. Nakagawa M et al (2008) Generation of 
induced pluripotent stem cells without Myc 
from mouse and human fibroblasts. Nat 
Biotechnol 26(1):101–106

 37. Okita K, Ichisaka T, Yamanaka S (2007) 
Generation of germline-competent induced plu-
ripotent stem cells. Nature 448(7151):313–317

 38. Yu J et al (2007) Induced pluripotent stem cell 
lines derived from human somatic cells. Science 
318(5858):1917–1920

 39. Gonzalez F, Boue S, Izpisua Belmonte JC 
(2011) Methods for making induced pluripo-
tent stem cells: reprogramming a la carte. Nat 
Rev Genet 12(4):231–242

 40. Warren L et al (2010) Highly efficient repro-
gramming to pluripotency and directed differ-
entiation of human cells with synthetic modified 
mRNA. Cell Stem Cell 7(5):618–630

iPSC for Hepatotoxicity Testing

minjun.chen@fda.hhs.gov



210

 41. Zhou H et al (2009) Generation of induced 
pluripotent stem cells using recombinant pro-
teins. Cell Stem Cell 4(5):381–384

 42. Kim D et al (2009) Generation of human 
induced pluripotent stem cells by direct deliv-
ery of reprogramming proteins. Cell Stem Cell 
4(6):472–476

 43. Cameron K et al (2015) Recombinant laminins 
drive the differentiation and self- organization 
of hESC-derived hepatocytes. Stem Cell 
Reports 5(6):1250–1262

 44. Godoy P et al (2015) Gene networks and tran-
scription factor motifs defining the differentia-
tion of stem cells into hepatocyte-like cells. 
J Hepatol 63(4):934–942

 45. Kia R et al (2013) Stem cell-derived hepato-
cytes as a predictive model for drug-induced 
liver injury: are we there yet? Br J Clin 
Pharmacol 75(4):885–896

 46. Cai J et al (2007) Directed differentiation of 
human embryonic stem cells into functional 
hepatic cells. Hepatology 45(5):1229–1239

 47. Ek M et al (2007) Expression of drug metabo-
lizing enzymes in hepatocyte-like cells derived 
from human embryonic stem cells. Biochem 
Pharmacol 74(3):496–503

 48. Söderdahl T et al (2007) Glutathione transfer-
ases in hepatocyte-like cells derived from 
human embryonic stem cells. Toxicol In Vitro 
21(5):929–937

 49. Hay DC et al (2008) Highly efficient differen-
tiation of hESCs to functional hepatic endo-
derm requires ActivinA and Wnt3a signaling. 
Proc Natl Acad Sci U S A 105(34): 
12301–12306

 50. Shiraki N et al (2008) Differentiation of mouse 
and human embryonic stem cells into hepatic 
lineages. Genes Cells 13(7):731–746

 51. Agarwal S, Holton KL, Lanza R (2008) 
Efficient differentiation of functional hepato-
cytes from human embryonic stem cells. Stem 
Cells 26(5):1117–1127

 52. Moore RN, Moghe PV (2009) Expedited 
growth factor-mediated specification of human 
embryonic stem cells toward the hepatic lin-
eage. Stem Cell Res 3(1):51–62

 53. Basma H et al (2009) Differentiation and 
transplantation of human embryonic stem cell-
derived hepatocytes. Gastroenterology 136(3): 
990–999

 54. Song Z et al (2009) Efficient generation of 
hepatocyte-like cells from human induced plu-
ripotent stem cells. Cell Res 19(11): 
1233–1242

 55. Duan Y et al (2010) Differentiation and char-
acterization of metabolically functioning hepa-

tocytes from human embryonic stem cells. 
Stem Cells 28(4):674–686

 56. Synnergren J et al (2010) Transcriptional pro-
filing of human embryonic stem cells differen-
tiating to definitive and primitive endoderm 
and further toward the hepatic lineage. Stem 
Cells Dev 19(7):961–978

 57. Touboul T et al (2010) Generation of func-
tional hepatocytes from human embryonic 
stem cells under chemically defined conditions 
that recapitulate liver development. Hepatology 
51(5):1754–1765

 58. Brolen G et al (2010) Hepatocyte-like cells 
derived from human embryonic stem cells spe-
cifically via definitive endoderm and a progeni-
tor stage. J Biotechnol 145(3):284–294

 59. Ghodsizadeh A et al (2010) Generation of liver 
disease-specific induced pluripotent stem cells 
along with efficient differentiation to func-
tional hepatocyte-like cells. Stem Cell Rev 
6(4):622–632

 60. Liu H et al (2010) Generation of endoderm- 
derived human induced pluripotent stem cells 
from primary hepatocytes. Hepatology 
51(5):1810–1819

 61. Si-Tayeb K et al (2010) Highly efficient gener-
ation of human hepatocyte-like cells from 
induced pluripotent stem cells. Hepatology 
51(1):297–305

 62. Sullivan GJ et al (2010) Generation of func-
tional human hepatic endoderm from human 
induced pluripotent stem cells. Hepatology 
51(1):329–335

 63. Rashid ST et al (2010) Modeling inherited 
metabolic disorders of the liver using human 
induced pluripotent stem cells. J Clin Invest 
120(9):3127–3136

 64. Zhang S et al (2011) Rescue of ATP7B func-
tion in hepatocyte-like cells from Wilson’s dis-
ease induced pluripotent stem cells using gene 
therapy or the chaperone drug curcumin. Hum 
Mol Genet 20(16):3176–3187

 65. Bone HK et al (2011) A novel chemically 
directed route for the generation of definitive 
endoderm from human embryonic stem cells 
based on inhibition of GSK-3. J Cell Sci 124(Pt 
12):1992–2000

 66. Yildirimman R et al (2011) Human embryonic 
stem cell derived hepatocyte-like cells as a tool 
for in vitro hazard assessment of chemical carci-
nogenicity. Toxicol Sci 124(2):278–290

 67. Chen YF et al (2012) Rapid generation of 
mature hepatocyte-like cells from human 
induced pluripotent stem cells by an efficient 
three-step protocol. Hepatology 55(4): 
1193–1203

Min Wei Wong et al.

minjun.chen@fda.hhs.gov



211

 68. Cayo MA et al (2012) JD induced pluripotent 
stem cell-derived hepatocytes faithfully reca-
pitulate the pathophysiology of familial hyper-
cholesterolemia. Hepatology 56(6): 
2163–2171

 69. Schwartz RE et al (2012) Modeling hepatitis C 
virus infection using human induced pluripo-
tent stem cells. Proc Natl Acad Sci U S A 
109(7):2544–2548

 70. Takayama K et al (2012) Efficient generation 
of functional hepatocytes from human embry-
onic stem cells and induced pluripotent stem 
cells by HNF4alpha transduction. Mol Ther 
20(1):127–137

 71. Choi SM et al (2013) Efficient drug screening 
and gene correction for treating liver disease 
using patient-specific stem cells. Hepatology 
57(6):2458–2468

 72. Ramasamy TS et al (2013) Application of 
three-dimensional culture conditions to human 
embryonic stem cell-derived definitive endo-
derm cells enhances hepatocyte differentiation 
and functionality. Tissue Eng Part A 19(3–4): 
360–367

 73. Gieseck Iii RL et al (2014) Maturation of 
induced pluripotent stem cell derived hepato-
cytes by 3D-culture. PLoS One 9(1):e86372

 74. Jia B et al (2014) Modeling of hemophilia A 
using patient-specific induced pluripotent stem 
cells derived from urine cells. Life Sci 
108(1):22–29

 75. Avior Y et al (2015) Microbial-derived litho-
cholic acid and vitamin K2 drive the metabolic 
maturation of pluripotent stem cells- derived 
and fetal hepatocytes. Hepatology 62(1): 
265–278

 76. Chien Y et al (2015) Synergistic effects of 
carboxymethyl- hexanoyl chitosan, cationic 
polyurethane-short branch PEI in miR122 
gene delivery: accelerated differentiation of 
iPSCs into mature hepatocyte-like cells and 
improved stem cell therapy in a hepatic failure 
model. Acta Biomater 13:228–244

 77. Baxter M et al (2015) Phenotypic and func-
tional analyses show stem cell-derived 
hepatocyte- like cells better mimic fetal rather 
than adult hepatocytes. J Hepatol 62(3): 
581–589

 78. Goldring C et al (2017) Stem cell-derived 
models to improve mechanistic understanding 
and prediction of human drug-induced liver 
injury. Hepatology 65(2):710–721

 79. Yusa K et al (2011) Targeted gene correction of 
alpha1-antitrypsin deficiency in induced plurip-
otent stem cells. Nature 478(7369):391–394

 80. Ulvestad M et al (2013) Drug metabolizing 
enzyme and transporter protein profiles of 

hepatocytes derived from human embryonic 
and induced pluripotent stem cells. Biochem 
Pharmacol 86(5):691–702

 81. Takayama K et al (2014) Prediction of interin-
dividual differences in hepatic functions and 
drug sensitivity by using human iPS- derived 
hepatocytes. Proc Natl Acad Sci U S A 
111(47):16772–16777

 82. Park BK et al (2011) Managing the challenge 
of chemically reactive metabolites in drug 
development. Nat Rev Drug Discov 10(4): 
292–306

 83. Liu J et al (2015) Efficient episomal repro-
gramming of blood mononuclear cells and dif-
ferentiation to hepatocytes with functional 
drug metabolism. Exp Cell Res 338(2): 
203–213

 84. Berger DR et al (2015) Enhancing the func-
tional maturity of induced pluripotent stem 
cell-derived human hepatocytes by controlled 
presentation of cell-cell interactions in vitro. 
Hepatology 61(4):1370–1381

 85. Davidson MD, Ware BR, Khetani SR (2015) 
Stem cell-derived liver cells for drug testing and 
disease modeling. Discov Med 19(106): 
349–358

 86. Ware BR, Berger DR, Khetani SR (2015) 
Prediction of drug-induced liver injury in 
micropatterned co-cultures containing iPSC- 
derived human hepatocytes. Toxicol Sci 
145(2):252–262

 87. Bhushan A et al (2013) Towards a three- 
dimensional microfluidic liver platform for 
 predicting drug efficacy and toxicity in humans. 
Stem Cell Res Ther 4(Suppl 1):S16

 88. Goers L, Freemont P, Polizzi KM (2014) 
Co-culture systems and technologies: taking 
synthetic biology to the next level. J R Soc 
Interface 11(96):20140065

 89. Marx V (2013) Cell culture: a better brew. 
Nature 496(7444):253–258

 90. Takahashi Y et al (2015) 3D spheroid cultures 
improve the metabolic gene expression profiles 
of HepaRG cells. Biosci Rep 35(3):e00208

 91. Bruderer R et al (2015) Extending the limits of 
quantitative proteome profiling with data-inde-
pendent acquisition and application to acet-
aminophen-treated three- dimensional liver 
microtissues. Mol Cell Proteomics 14(5): 
1400–1410

 92. Chan TS et al (2013) Meeting the challenge of 
predicting hepatic clearance of compounds 
slowly metabolized by cytochrome P450 using 
a novel hepatocyte model, HepatoPac. Drug 
Metab Dispos 41(12):2024–2032

 93. Nguyen TV et al (2015) Establishment of a 
hepatocyte-kupffer cell coculture model for 

iPSC for Hepatotoxicity Testing

minjun.chen@fda.hhs.gov



212

assessment of proinflammatory cytokine 
effects on metabolizing enzymes and drug 
transporters. Drug Metab Dispos 43(5): 
774–785

 94. Domansky K et al (2010) Perfused multiwell 
plate for 3D liver tissue engineering. Lab Chip 
10(1):51–58

 95. Kitteringham NR et al (2009) Multiple reac-
tion monitoring for quantitative biomarker 
analysis in proteomics and metabolomics. 
J Chromatogr B Analyt Technol Biomed Life 
Sci 877(13):1229–1239

 96. Bhatia SN et al (1998) Probing heterotypic 
cell interactions: hepatocyte function in micro-
fabricated co-cultures. J Biomater Sci Polym 
Ed 9(11):1137–1160

 97. Zinchenko YS et al (2006) Hepatocyte and 
kupffer cells co-cultured on micropatterned 
surfaces to optimize hepatocyte function. 
Tissue Eng 12(4):751–761

 98. Terry C et al (2010) Optimization of the cryo-
preservation and thawing protocol for human 
hepatocytes for use in cell transplantation. 
Liver Transpl 16(2):229–237

Min Wei Wong et al.

minjun.chen@fda.hhs.gov



213

Minjun Chen and Yvonne Will (eds.), Drug-Induced Liver Toxicity, Methods in Pharmacology and Toxicology,
https://doi.org/10.1007/978-1-4939-7677-5_11, © Springer Science+Business Media, LLC, part of Springer Nature 2018

Chapter 11

Engineered Human Liver Cocultures for Investigating  
Drug- Induced Liver Injury

Chase P. Monckton and Salman R. Khetani

Abstract

Drug-induced liver injury (DILI) remains a major cause of drug attrition, black-box warnings on marketed 
drugs, and acute liver failures. It is clear with several high-profile drug failures that animal models do not 
suffice for predicting human DILI largely due to species-specific differences in drug metabolism pathways. 
Thus, in vitro models of the human liver are playing an ever-important role in mitigating DILI risk during 
preclinical testing. Methods to isolate and culture hepatocytes on collagen-coated plastic in the presence of 
supportive liver- and non-liver-derived nonparenchymal cell types (NPCs) were developed several decades 
ago; however, improvements were needed to stabilize diverse hepatic functions for several weeks to enable 
chronic drug treatment as in the clinic. Today, engineering tools such as protein micropatterning, microflu-
idics, specialized plates, biomaterial scaffolds, and bioprinting enable precise control over the cellular micro-
environment for enhancing and stabilizing hepatic functions in the presence of NPC types, including those 
derived from the liver towards determining their impact on DILI progression. The introduction of induced 
pluripotent stem cell-derived human hepatocyte-like cells can potentially allow a better understanding of 
inter-individual differences in idiosyncratic DILI. Here, we review the abovementioned advances in the 
engineering of human liver cocultures and their utilization for predicting clinical DILI with high sensitivity/
specificity and elucidating underlying mechanisms. Key platforms and associated validation data sets are 
presented to highlight major trends and pending issues to be addressed moving forward. In the future, 
engineered human liver cocultures will reduce drug attrition, animal usage, and cases of DILI in humans.

Key words Microfabrication, Soft lithography, Microfluidics, Micropatterned cocultures, Liver-on-a- 
chip, Hepatocytes, Nonparenchymal cells, 3D liver spheroids

1 Introduction

Drug-induced liver injury (DILI) remains a leading cause of pre-
clinical and clinical drug attrition, black-box warnings on marketed 
drugs, and acute liver failures in the USA alone [1]. Numerous  
marketed drugs can cause DILI that can manifest itself as cellular 
necrosis, hepatitis, cholestasis, fibrosis, or a mixture of injury types 
[2]. DILI phenomena can occur through intrinsic or idiosyncratic 
pathways, the latter being the greater concern for drug  development 
because its mechanism of action is variable in the clinic and not 
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well characterized. The severity of idiosyncratic DILI can be 
exacerbated by states of stress (i.e., inflammation), patient-specific 
risk factors (i.e., genetics, age, gender, diet), and underlying 
disease states (i.e., hepatitis, cholestasis, and fibrosis). Unfortunately, 
the live animal testing required by the Food and Drug 
Administration (FDA) during preclinical drug development is only 
capable of identifying <50% of human DILI, largely due to differences 
in species-specific drug metabolism pathways [3]. Additionally, 
traditional animal testing is time-consuming, requires a large 
capital investment, and does not capture human patient risk factors 
for DILI such as genetics and disease.

Given the abovementioned challenges with screening drugs in 
animals, regulatory agencies and the pharmaceutical/biotech industry 
are under increased pressures to develop and adopt human-relevant 
methods to mitigate DILI risk prior to human clinical trials. With 
such an urgent need, the field of human liver culture platforms has 
grown rapidly over the last 5–10 years [4]. The utilization of engi-
neering tools such as protein micropatterning, microfluidics, spe-
cialized plates, biomaterial scaffolds, and bioprinting has enabled 
greater control over the cellular microenvironment which has 
increased the longevity and reproducibility of cellular responses. 
Regardless of the specific technology utilized to build in vitro liver 
models, coculture with nonparenchymal cell (NPC) types has been 
shown to enhance and stabilize the phenotype of primary hepato-
cytes from several species for several weeks. In this chapter, we will 
discuss the use of the abovementioned engineering tools to create 
liver cocultures that have shown utility in detecting DILI. We begin 
with a brief description of conventional/traditional coculture mod-
els and then discuss engineered liver models starting with static 
micropatterned cocultures, followed by static spheroidal and bio-
printed liver cocultures, and finally perfused platforms that can be 
adapted to different types of cocultures. Where appropriate, we dis-
cuss the initial development of engineered cocultures using animal 
hepatocytes or cancerous cell lines as is common practice in this 
field. We then discuss best practices in appraising the phenotype of 
liver cocultures before and after drug treatment, followed by the 
more recent use of liver cocultures for modeling diseases that can 
affect DILI outcomes and enable the simultaneous assessment of 
drug efficacy and toxicity. Finally, we summarize the key trends and 
the pending issues that we believe will need to be addressed moving 
forward. We highlight representative platforms, some in commer-
cial practice, to demonstrate major points instead of being exhaus-
tive in discussing every liver coculture model developed in the field.

2 Conventional Cocultures of Hepatocytes and Nonparenchymal Cell Types

Heterotypic interactions between parenchymal cells and NPCs are 
important in many organ systems and the liver is no exception. The 
formation of the liver in the embryo from the endodermal foregut 
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and mesenchymal vascular structures is thought to be mediated by 
heterotypic interactions [5]. Indeed, without the interaction with 
the mesenchyme, the endoderm does not fully undergo hepatic 
differentiation [6, 7]. Heterotypic cell–cell interactions also play 
critical roles in the adult liver [8]. In the liver sinusoid, hepatocytes 
are separated from the fenestrated liver sinusoidal endothelial cells 
(LSECs) by a thin extracellular matrix (ECM) protein region called 
the Space of Disse. Hepatic stellate cells (HSCs), which normally 
store vitamin A droplets, have elaborate, extensive processes that 
contact the hepatocytes within the sinusoid. The Kupffer cells 
(KCs), the resident macrophages of the liver, are free to roam 
through the blood and liver tissue compartments. Lastly, cholan-
giocytes (biliary ductal cells) line the bile ducts that drain the con-
tents of the hepatic bile canaliculi into the gall bladder.

In vitro, coculture with both liver- and non-liver-derived 
NPC types can transiently induce functions in primary hepato-
cytes from multiple species, including humans [5, 9]. Langenbach 
et al. reported in 1979 the first coculture to our knowledge of 
adult rat hepatocytes on a layer of irradiated C3H/10T1/2 
mouse embryo cells [10]. The cocultured hepatocytes maintained 
in vivo-like morphological characteristics and were capable of 
metabolizing N-2-acetylaminofluorene to water-soluble products 
at 14 days in culture at ~70% of the levels observed on the day of 
seeding. In contrast, hepatocytes cultured on their own lost met-
abolic activity after 5 days. Michalopoulus et al. also showed in 
1979 that adult rat hepatocytes cultured on confluent human 
fibroblasts maintained characteristic morphology, basal cyto-
chrome P450 (CYP450) activity, and inducibility of CYP450 
enzymes via phenobarbital and methylcholanthrene for 10 days 
[11]. Subsequently, the Guillouzo group in 1983–1984 demon-
strated long-term (40+ days) retention of albumin secretion from 
adult rat and human hepatocytes upon cocultivation with rat liver 
epithelial cells [12, 13].

Since the abovementioned pioneering studies, liver-derived 
NPC types that have been shown to induce phenotypic changes in 
hepatocytes include HSCs [14], LSECs [15], KCs [16], and the 
entire NPC fraction of the liver [17]. Interestingly, functions in 
hepatocytes can also be modulated via cocultivation with NPC 
types from other organ systems and species, such as murine embry-
onic 3T3 fibroblasts [18], rat dermal fibroblasts [19], Chinese 
hamster ovary cells [20], canine kidney epithelial cells [21], bovine 
aortic epithelial cells [19, 22], and lung epithelial cells [23]. 
Furthermore, hepatocytes isolated from adult and fetal human 
[13, 24], rat [12, 25], chick [26], and porcine [27] liver have been 
shown to benefit functionally upon coculture with NPCs. In addi-
tion to viable NPCs, hepatocyte functions can be induced on NPC 
feeder layers that are desiccated and heated [17], glutaraldehyde- 
fixed [15], or growth-arrested via mitomycin C treatment [28]. In 
some instances, the functions of select NPCs are also modulated 
when cocultured with hepatocytes [29].
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There have been several studies which have elucidated the role of 
potential molecular mediators (i.e., receptors, gap junctions, cyto-
kines, cadherins, and ECM proteins) of the so-called “coculture 
effect” between hepatocytes and NPC types. To date, the data sug-
gest that both matrix deposition and direct cell–cell contact play roles 
in the coculture effect [5, 19, 20, 30–33], whereas soluble factors 
alone (i.e., NPC conditioned medium) have proven largely ineffec-
tive [17, 28, 34]. However, the complete molecular mechanism 
underlying the coculture effect remains undefined. Given the pleth-
ora of different NPC types that can induce hepatospecific functions 
with varying kinetics, it is likely that many distinct mechanisms may 
operate in concert, each modulating a subset of liver functions.

Conventional (randomly distributed) hepatocyte–NPC cocul-
tures described above have proven useful to investigate physiologi-
cal and pathophysiological processes such as host response to sepsis 
[35], mutagenesis [36], xenobiotic metabolism and toxicity [37], 
response to oxidative stress [38], lipid metabolism [39], and induc-
tion of the acute phase response [40]. Such cocultures have also 
been explored for their potential use in clinical bioartificial liver 
devices [41]. However, randomly distributed cocultures inherently 
contain areas of the monolayer with suboptimal homotypic and 
heterotypic cell–cell interactions due to a lack of control over the 
cellular architecture. Such suboptimal cell–cell interactions can 
lead to an instability and low levels of liver functions over long- 
term culture [42]. For example, randomly distributed cocultures 
of primary human hepatocytes (PHHs) and 3T3-J2 murine embry-
onic fibroblasts are not able to sustain infection with hepatitis B/C 
viruses [43, 44] and malaria [45], which is likely due to the incom-
plete polarization and functions of the hepatocytes. Lastly, ran-
domly distributed cocultures do not allow investigations into how 
homotypic and heterotypic cell–cell interactions between hepato-
cytes and their NPC neighbors affects liver functions without the 
confounding effects of cell density variations on cell numbers/
ratios and nutrient depletion rates.

3 Micropatterned Cocultures

In contrast to a random seeding of two cell types on a surface as in 
the abovementioned conventional hepatocyte-NPC cocultures, 
microfabrication tools adapted from the semiconductor industry 
allow for the creation of heterogeneous surfaces with precise fea-
tures that can range in sizes from a few nanometers to micrometers 
[46]. In the case of the liver, Singhvi et al. in 1994 first micropat-
terned rat hepatocytes on laminin-coated monolayers of self- 
assembled alkanethiols that were surrounded by nonadhesive 
polyethylene glycol (PEG) to keep the cells from migrating off the 

Chase P. Monckton and Salman R. Khetani

minjun.chen@fda.hhs.gov



217

laminin-coated domains [47]. Such micropatterned hepatocytes 
secreted higher levels of albumin and exhibited reduced DNA syn-
thesis on adhesive domains of a smaller surface area that restricted 
cell spreading as opposed to surfaces uniformly coated with lam-
inin that allowed complete cell spreading. However, modulating 
cell spreading alone was not sufficient to stabilize the hepatocyte 
phenotype beyond 3 days in culture.

Bhatia et al. subsequently employed photolithographic tools to 
first micropattern rat hepatocytes on collagen-coated circular 
domains and then surround these domains with 3T3-J2 murine 
embryonic fibroblasts [18, 48], an NPC type that is also used to 
support keratinocytes in coculture [49]. Such micropatterned 
cocultures (MPCCs) allowed tuning of homotypic interactions 
between hepatocytes and the heterotypic interface between hepa-
tocytes and the fibroblasts while keeping cell numbers/ratios con-
stant across the various patterned configurations. Overall, several 
key findings emerged from these pioneering studies: (a) circular 
domains, as opposed to patterns with sharp corners (i.e., rectan-
gles, squares, and triangles), led to better retention of patterning 
fidelity over several weeks in culture; (b) controlling homotypic 
interactions between hepatocytes alone was not sufficient to rescue 
liver-specific functions in the absence of coculture with the fibro-
blasts; (c) increasing the heterotypic interface between fibroblasts 
and hepatocytes via a reduction in the diameter of the collagen- 
coated domains led to higher hepatospecific functions (albumin 
and urea secretion) than when the domain diameter was larger; 
and, (d) contact with fibroblasts was necessary since both fibro-
blast- and coculture-conditioned media were not able to rescue the 
phenotype of hepatocyte-only cultures. Khetani et al. subsequently 
showed that the J2 sub-clone of the 3T3 fibroblasts induced opti-
mal functions in hepatocytes than other 3T3 subclones such as 
NIH/3T3, 3T3-Swiss, and 3T3-L1 [31].

Creation of MPCCs using PHHs, both freshly isolated and 
cryopreserved, and 3T3-J2 fibroblasts showed a similar induction 
of liver-specific functions relative to pure hepatocyte cultures as 
observed with rat hepatocytes [42]. However, in contrast to  studies 
using rat hepatocytes, PHHs displayed highest functions on colla-
gen-coated domains of intermediate diameters (~500 μm domain 
diameter with 1200 μm center-to-center spacing between 
domains), suggesting a species-specific balance in homotypic inter-
actions between hepatocytes and their heterotypic interactions 
with the fibroblasts. This example illustrates the need to empiri-
cally determine the effects of an engineering technique on the 
functions of animal versus human liver cells. More importantly, 
exercising precise control over homotypic and heterotypic cell–cell 
interactions via the MPCC technique led to high and stable PHH 
functions, including activities of drug metabolism enzymes and 
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transporters, for 4–6 weeks as compared to an unstable phenotype 
observed in randomly distributed cocultures of the same two cell 
types with similar ratios.

The abovementioned photolithographic micropatterning 
process is time-consuming, requires a clean room and several 
specialized pieces of equipment, and is compatible only with one 
culture dish at a time (i.e., serial). Therefore, Khetani and Bhatia 
developed stencils using polydimethylsiloxane (PDMS) to enable 
the rapid creation of MPCCs in a 24-well plate format for medium- 
throughput drug screening [42]. However, since PDMS is a 
porous and hydrophobic material, drugs and proteins in the 
culture medium tended to get wicked up in the material, thereby 
reducing the molecule concentration available to the cells. 
Furthermore, the stencil process was not adaptable to 96-well 
plates for higher-throughput screening. Thus, a new process utiliz-
ing a PDMS mask to protect desired regions of an ECM protein 
coat on a surface was developed to create MPCCs in industry- 
standard polystyrene 24- and 96-well plates (Fig. 1a–c); this pro-
cess has been described in precise detail [50, 51]. The Bhatia group 
at MIT has recently used a similar process to further miniaturize 
MPCCs into 384-well plates. Miniaturized human MPCCs in a 
multiwell format have been extensively validated for several appli-
cations in drug development, such as drug clearance predictions 
[52–54], drug–drug interactions [42, 53, 55, 56], drug metabo-
lite profiling [57–59], drug–transporter interactions [56, 60], 
DILI prediction [61, 62], and infection with hepatitis B/C viruses 
[43, 44] and malaria [45, 63]. More recently, MPCCs allowed 
investigations into the effects of chronic hyperglycemia as in type 2 
diabetes mellitus on PHH functions [64, 65]. Below, we focus on 
data sets that pertain to DILI prediction.

MPCCs created with PHHs or primary rat hepatocytes were 
treated for up to 9 days with 45 drugs of which 35 have known 
DILI liabilities in the clinic while ten are generally considered not 
toxic to the liver [62] (Fig. 1d). Given inter-individual differences 
in drug concentrations in plasma and within the liver, MPCCs 
were treated with drug concentrations up to 100-fold of the 
reported Cmax (maximum drug concentration in human plasma) 
for each drug, which is also common with other platforms and 
does not increase the false positive rate for DILI detection [66]. 
Overall, several key findings emerged from this pioneering study 
using MPCCs: (a) repeat drug treatment for at least 9 days 
improved the sensitivity for DILI detection without a reduction in 
specificity; (b) secreted albumin and urea as liver function bio-
markers were as sensitive for DILI prediction as the classic 
 hepatotoxicity marker, ATP, which allows monitoring of the same 
culture wells for drug effects over many time-points while conserv-
ing the use of limited PHHs; (c) human MPCCs showed a 2.3-fold 
improvement in sensitivity without compromising specificity for 
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DILI detection as compared to a 24-h treatment of ECM- 
sandwiched PHH monolayers with the same drugs; (d) human 
MPCCs were more sensitive (65.7%) than their rat counterparts 
(48.6%) for detecting human DILI across a wide range of drugs; 
(e) human MPCCs displayed a 100% sensitivity for drugs with the 
highest DILI concern (i.e., black-box warnings or withdrawn from 
the marketplace) when at least two PHH donors were utilized.

Fig. 1 The micropatterned coculture platform. (a) Tissue culture polystyrene (or glass) can be uniformly coated 
with extracellular matrix protein (ECM) such as collagen and protected with a polydimethylsiloxane (PDMS) 
stamp [70]. Exposed areas of ECM are ablated under oxygen plasma, leaving micropatterned ECM islands that 
match the geometry of the PDMS stamp. Hepatocytes, either primary or induced pluripotent stem cell-derived, 
selectively attach to ECM islands, and nonparenchymal cells (NPCs) fill in the surrounding area. (b) An industry 
standard 96-well plate showing uniform hepatocyte islands micropatterned using the process in panel (a). The 
NPCs used in this example are 3T3-J2 murine embryonic fibroblasts surrounding the primary human hepato-
cyte (PHH) colonies. (c) MPCCs created using PHHs maintain high levels of CYP450 activities for several weeks. 
Reprinted with permission from [53]. CYP3A4 activity was assessed via metabolism of testosterone into 
6β-OH-testosterone, while CYP2D6 activity was assessed via metabolism of dextromethorphan into dextror-
phan. (d) Sensitivity and specificity for DILI prediction in sandwich cultured PHHs (SCHH), MPCCs created using 
PHHs (PHH-MPCCs), and MPCCs created using iPSC-derived human hepatocyte-like cells (iMPCCs). All culture 
models were treated with 37 hepatotoxic drugs and ten non-liver-toxic drugs (24-h treatment for SCHH, 9-day 
treatment for PHH-MPCCs, and 6-day treatment for iMPCCs) to calculate the sensitivity and specificity. 
Reprinted with permission from [62, 72]. (e) MPCCs containing PHHs that were dosed for 8 days with 0, 6.25, 
or 50 μM fialuridine and five other analog compounds [68]. Culture viability was assessed using the MTT assay 
and normalized to vehicle-only controls. Only fialuridine caused a dose-dependent toxicity in the MPCCs. On 
the other hand, no dose-dependent toxicity was observed in MPCCs created using primary rat hepatocytes and 
dosed with the same compounds at the same doses for 8 days (data not shown). (f) Time-dependent global 
gene expression changes in MPCCs treated with troglitazone or rosiglitazone at their respective Cmax levels for 
up to 14 days. Reprinted with permission from [69]. Number of genes upregulated or downregulated (|fold 
change| > 2.0 and |difference in expression| > 100 using Affymetrix whole genome human microarrays) in 
MPCCs by troglitazone (2.82 μg/mL) or rosiglitazone (0.373 μg/mL) or both drugs relative to vehicle (DMSO) 
control after treatment for 24 h (left), 7 days (middle), and 14 days (right)
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In another study, human MPCCs, but not conventional PHH 
monolayers, picked up the toxicity of fialuridine (Fig. 1e), a nucle-
oside analog drug for hepatitis B viral infection that caused liver 
failure and deaths of five patients in clinical trials due to lactic aci-
dosis [67]. Several end-points in human MPCCs were affected by 
fialuridine including mitochondrial activity, albumin secretion, 
urea synthesis, and morphological integrity of the PHHs. In con-
trast to human MPCCs, fialuridine did not cause overt hepatotox-
icity in rat MPCCs even after 28 days of treatment. Nonetheless, 
some decreases in urea secretion and CYP3A enzyme activity were 
noted in rat MPCCs, which is consistent with in vivo findings [68]. 
Thus, MPCCs are useful to elucidate key differences in species- 
specific DILI and enable the selection of an appropriate species for 
FDA-required in vivo animal studies.

In contrast to a limited number of end-points, global gene 
expression profiling has proven useful for elucidating the diverse 
pathways that are affected in cells treated with drugs. In a recent 
study [69], Ware et al. found that human MPCCs treated for up to 
14 days with troglitazone (clinical hepatotoxin) or rosiglitazone 
(non-liver-toxic structural analog of troglitazone) at each drug’s 
respective Cmax did not cause overt hepatotoxicity, as is the case in the 
majority of patients who were administered these drugs safely with-
out experiencing severe DILI. However, when analyzing MPCCs at 
the gene expression level using Affymetrix whole- genome human 
microarrays, 12, 269, and 628 genes were differentially expressed 
after 1, 7, and 14 days of drug treatment, respectively, relative to the 
vehicle control (Fig. 1f). Troglitazone modulated >75% of these dif-
ferentially expressed genes across pathways such as fatty acid and 
drug metabolism, oxidative stress, inflammatory response, and com-
plement/coagulation cascades. Escalating rosiglitazone’s dose to 
that of troglitazone’s Cmax increased rosiglitazone-modulated tran-
scripts relative to the lower dose; however, over half the identified 
transcripts were still exclusively modulated by troglitazone, thereby 
suggesting that troglitazone’s effects on PHHs are partly due to tro-
glitazone’s intrinsic properties as opposed to its higher Cmax than rosi-
glitazone. More generally, other hepatotoxins including nefazodone, 
ibufenac, and tolcapone also induced a greater number of differen-
tially expressed genes in MPCCs than their non-liver-toxic analogs, 
buspirone, ibuprofen, and entacapone, after 7 days of treatment. This 
study showed for the first time that extraction of global gene expres-
sion profiles from PHHs repeatedly treated with drugs for up to 
2 weeks can be highly useful to distinguish hepatotoxic drugs from 
their nontoxic analogs and understand mechanism of action at drug 
doses that are pharmacologically relevant and may not necessarily 
lead to overt hepatotoxicity in a majority of the patients.

The MPCC technology has also been adapted to induced plu-
ripotent stem cell-derived human hepatocyte-like cells (iHeps) [70], 
which afford the opportunity to sustainably evaluate drug toxicity 
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across diverse genetic backgrounds [71]. Berger et al. found that as 
compared to a severely immature and declining iHep phenotype in 
conventional monolayers, both micropatterning and cocultivation 
with 3T3-J2 fibroblasts were beneficial to functionally mature iHeps 
towards the adult PHH phenotype and stabilize iHep phenotype for 
at least 4 weeks in vitro at previously unprecedented levels [70]. 
More importantly, when MPCCs containing iHeps were dosed with 
a set of 47 drugs for 6 days and assessed for hepatotoxicity (ATP) 
and liver functions (albumin and urea), the sensitivity (65%) and 
specificity (100%) for DILI detection were remarkably similar to the 
values obtained with MPCCs containing PHHs treated with the 
same drugs (70% sensitivity and 100% specificity) (Fig. 1d) [72]. 
These results suggest that MPCCs containing iHeps may be useful 
for an initial drug toxicity screen during drug development; how-
ever, mechanistic inquiries into DILI outcomes will require further 
probing of active pathways within stabilized iHeps relative to PHHs.

The MPCC platform was designed to be modular in that the 
NPC type/population can be modified without significantly affect-
ing the hepatocyte homotypic interactions on the micropatterned 
domains, which are important for maintaining cell polarity. Nguyen 
et al. augmented preestablished MPCCs with primary human KCs 
once the hepatic phenotype was stable after 5–7 days [73]. 
Stimulating the KCs in MPCCs with bacterial-derived endotoxin, 
lipopolysaccharide (LPS), led to cytokine-mediated downregula-
tion of CYP450s in PHHs, which can affect DILI outcomes. 
Davidson et al. have recently augmented MPCCs with primary 
human HSCs at physiological ratios with PHHs and demonstrated 
effects on hepatic functions that are reminiscent of a nonalcoholic 
steatohepatitis/early fibrosis phenotype [74] as discussed further 
below in the “Modeling Diseases Using Cocultures” section. We 
are now augmenting MPCCs with LSECs and all of the liver NPCs 
combined to enable the crosstalk between liver cell types in model-
ing different types of DILI. Ultimately, different configurations of 
MPCCs with respect to the source/species of hepatocytes as well 
as the type of NPC population may be useful for elucidating the 
role of cell–cell interactions in DILI.

4 Spheroidal and Bioprinted Cocultures

In addition to cocultivation with NPC types, another strategy to 
stabilize hepatocyte functions is to culture them in spheroidal con-
figurations, which leads to the establishment of homotypic cell–cell 
interactions and the presence of ECM proteins within and around 
the spheroids [75]. While coculture with NPC types is not entirely 
necessary in spheroidal configurations, functions can be further 
enhanced and the role of heterotypic cell–cell interactions on drug 
outcomes can be properly studied. Thus, most of the commercially 
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available liver spheroidal platforms contain cocultures of hepato-
cytes with one or more NPC types. Hepatic spheroids can sponta-
neously form on nontreated culture plates or those coated with 
polymers such as poly (2-hydroxymethyl methacrylate) (HEMA) 
[76] or proprietary coatings (i.e., Corning’s ultralow attachment 
surface [77]). Such spheroids have been shown to display high 
viability, albumin secretion, and activities of major CYP450 
enzymes for 5 weeks [77]. Chronic treatment with hepatotoxins, 
including fialuridine, for up to 28 days showed time- and dose- 
dependent hepatotoxicity (Fig. 2a–c).

Fig. 2 Spheroidal liver cocultures. (a) Time series showing progressing spheroid aggregation over time on 
ultra-low attachment 96-well plates from Corning [77]. Scale bar is 100 μm. (b) CYP3A4 activity over 35 days 
in the spheroids of panel (a) treated with midazolam. No change in the rate of midazolam hydroxylation was 
detected over 5 weeks (n.s. corresponds to p > 0.05, F-test). (c) Viability of the spheroids of panel (a) treated 
with fialuridine over 28 days. (d) The InSphero strategy to create multicellular spheroids. The GravityPLUS 
96-well plate allows a single microtissue to form in each drop [78]. Once the microtissues are formed, they are 
transferred to a GravityTRAP plate that has a proprietary nonadhesive coating to enable the long-term culture 
of the microtissues without attachment. Brightfield image of a single microtissue is shown. (e) 
Immunohistochemistry staining for markers in microtissue of panel (d). CK8 is an epithelial (hepatocyte) 
marker; CD68 is a macrophage marker; CD31 is an endothelial marker; and, PAS (periodic acid Schiff stain) is 
a glycogen stain, typically found in hepatocytes in the liver. (f) Dose-dependent toxicity of acetaminophen in 
microtissues of panel (d) that were treated with drug for 14 days and assessed for ATP content. (g) 24-well 
insert plate system for growth of liver cocultures on nylon scaffolds. Reprinted with permission from [80]. 
Phase-contrast micrographs of the morphology of 30-day-old human liver coculture. Scale bars are 100 μm. 
(h) Dose-dependent toxicity of hepatotoxic drug, trovafloxacin (left), and its non-liver-toxic analog, levofloxacin 
(right), in human cocultures of panel (g) (h3D) in comparison with hepatocyte monolayers (h2D)
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With the abovementioned strategy of forming spheroids on 
uniformly coated nonadhesive surfaces, it is difficult to control the 
spheroid size and smaller spheroids can merge to form larger spher-
oids that can have necrotic cores due to limitations in oxygen/
nutrient diffusion. To mitigate such a challenge, specialized plates 
and scaffolds have been developed to direct the assembly of uni-
formly sized spheroids that remain separated for interrogation fol-
lowing drug treatment. For instance, InSphero Inc. developed a 
specialized plate for creating hanging liquid drops that allow the 
formation of hepatic spheroids (one per well) of controlled diam-
eters, which remain viable and secrete albumin for ~1 month 
(Fig. 2d–f) [78]. The introduction of KCs into the hepatic spher-
oids allows investigation into the effects of LPS-activated KCs on 
drug-induced hepatotoxicity. Proctor et al. recently carried out a 
relatively comprehensive validation of the InSphero platform- 
generated PHH/KC spheroids for hepatotoxicity detection by 
measuring ATP levels in the lysates of spheroids that were treated 
for up to 14 days with a panel of 110 drugs with and without 
reported cases of clinical DILI [79]. Irrespective of comparing 
IC50 values or exposure-corrected margin of safety values 
(IC50/Cmax), the spheroids demonstrated increased sensitivity in 
identifying known hepatotoxicants than short-term PHH mono-
layers (~60% versus ~40%), while specificity was similar across both 
assays (~80–85%). Using another commercial platform by 
Regenemed Inc., Kostadinova et al. seeded a mixture of liver NPCs 
onto a porous nylon scaffold placed within a removable transwell 
followed by seeding of PHHs onto the preestablished liver NPC/
nylon culture [80]. PHHs in this platform secreted liver proteins 
(albumin, transferrin, and fibrinogen) and displayed CYP450 
activities for 77–90 days, and were more sensitive to hepatotoxic 
drugs than monolayer controls (Fig. 2g and h).

Academic groups have also developed devices to create con-
trolled sized spheroidal cultures. For instance, Miyamoto et al. uti-
lized a “Tapered Stencil for Cluster Culture” device to form 
HepG2 spheroids [81]. Tong et al. immobilized hepatocyte spher-
oids between a glass coverslip and a porous Parylene C membrane 
that were modified with PEG and galactose for enhanced spheroid 
formation and retention during medium changes [82]. In another 
study, coculturing PHHs with human adipose-derived stem cells in 
concave microwells increased the rate of formation and stability of 
liver functions over monocultured spheroids [83]. Similarly, PHHs 
cocultured with bone marrow-mesenchymal stem cells into sphe-
roidal structures through automated, stir-tank bioreactors showed 
increased viability and expression of drug metabolism enzymes, 
which is useful for long-term drug treatment [84]. Takayama et al. 
utilized a nanopillar plate to create spheroidal cultures of iHeps or 
HepG2 cells and assessed the toxicity of 24 hepatotoxic drugs 
[85]. The iHep spheroids were more sensitive to the drugs as com-
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pared to the HepG2 spheroids, though iHep spheroids displayed 
lower sensitivity than conventional PHH monolayers, which could 
be due to the immature phenotype of the iHeps. Liu et al. loaded 
primary rat hepatocytes, NIH/3T3 fibroblasts, and human umbili-
cal vein endothelial cells (HUVECs) onto micropatterned electro-
spun fibrous mats to form spatially controlled spheroidal structures 
[86]. Such structures secreted albumin and urea and displayed 
CYP450 activities for 15 days.

The abovementioned spheroidal cultures rely on cell secreted 
ECM; however, such an approach does not allow precise and 
reproducible tuning of the biochemical and biomechanical micro-
environment around cells. In contrast, naturally derived (i.e., algi-
nate, chitosan, and cellulose) and synthetic biomaterials (i.e., 
PEG) can be used to mitigate such a limitation by presenting an 
engineered polymer matrix to cells [75, 87]. For instance, bio-
compatible PEG hydrogels provide control over mechanical prop-
erties via customization of chain length and control over 
biochemical properties by the tethering of ligands such as cell 
adhesion peptides and growth factors [87]. Chen et al. coculti-
vated PHHs, 3T3-J2 fibroblasts, and immortalized LSECs in 
RGDS-modified PEG to enable cell attachment and observed 
relatively stable albumin and urea secretion for at least 8 days 
in vitro [88]. A microfluidic droplet generator was subsequently 
used to generate PEG-based hepatic microtissues [89], which are 
more amenable to high-throughput drug studies than bulk gels. 
In a study utilizing a naturally derived biomaterial, Tasnim et al. 
encapsulated human pluripotent stem cell-derived hepatocyte-like 
cells (hPSC-HLC) in galactosylated cellulosic sponges, which pro-
moted the formation and retention of spheroids [90]. The hPSC-
HLC spheroids were more sensitive to the toxicity of hepatotoxins 
(acetaminophen, troglitazone, and methotrexate) as compared to 
conventional hPSC-HLC monolayers, and responses in hPSC-
HLC spheroids were similar to those observed in PHHs. Larkin 
et al. designed a detachable, nanoscale, and mechanically tunable 
Space of Disse (i.e., overlay) to separate rat hepatocyte cultures 
from a mixture of LSECs and KCs using self-assembled polyelec-
trolyte multilayers of chitosan and hyaluronic acid (HA) [91]. 
When tuned to exhibit liver-like stiffness, the polymeric space of 
Disse enabled higher albumin secretion and CYP1A activity in the 
hepatocytes, while hepatocytes and KCs showed some prolifera-
tion as compared to the nonpolymeric controls. More recently, 
the same group has created a detachable Space of Disse using a 
mixture of collagen and HA, and demonstrated acetaminophen-
mediated toxicity to rat LSECs and hepatocytes, as well as higher 
cytokine secretion by the KCs [92]. The cocultures exhibited 
increased aspartate aminotransferase (AST):alanine aminotrans-
ferase (ALT) ratios of 2.1–2.5, which were similar to values 
obtained in vivo in rats dosed with acetaminophen.
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While spheroidal cocultures containing PHHs and NPCs have 
shown the robust longevity of functions and utility for DILI detec-
tion, it is difficult to precisely control the spatial arrangement of 
different cell types (as in vivo) except for that which is induced by 
the spontaneous sorting of specific cell types. On the other hand, 
bioprinting has emerged as a method to position different cell popu-
lations in relatively large constructs that can have utility in both drug 
screening and ultimately regenerative medicine. Organovo Inc. has 

Fig. 3 Bioprinted liver cocultures. (a) Schematic of transverse cross section of bioprinted liver tissue from 
Organovo Inc. containing hepatocytes, endothelial cells (ECs) and hepatic stellate cells (HSCs). Reprinted with 
permission from [93]. (b) Gross image of bioprinted human liver tissue created using the process of panel (a) 
with 2.5 mm diameter and 0.5 mm thickness (left). Comparison of H&E stained bioprinted liver (center) and 
native human liver (right). (c) Basal and rifampicin-induced CYP3A4 activity in bioprinted human liver tissues 
of panel (b), measured by the formation of 4-hydroxymidazolam from midazolam. (d) Dose-dependent toxic-
ity of trovafloxacin to 2D hepatocyte monolayers and 3D bioprinted human liver tissues of panel (b) following 
7 days of treatment (left). Dose-dependent toxicity of hepatotoxin, trovafloxacin, and its non-liver-toxic struc-
tural analog, levofloxacin, to bioprinted human liver tissues following 7 days of treatment (right). (e) Schematic 
of a two-step 3D bioprinting approach in which first cell type is patterned by the first digital mask followed 
by the patterning of supporting cells using a second digital mask. Reprinted with permission from [95]. 
Images show bioprinted fluorescently labeled human induced pluripotent stem cell-derived hepatic progeni-
tor cells or hiPSC-HPCs (green) in 5% (wt/vol) gelatin methacrylate and supporting cells containing a mixture 
of human umbilical endothelial vein cells and adipose-derived stem cells (red) in 2.5% (wt/vol) GelMA with 
1% glycidal methacrylate. Scale bars are 500 μm. (f) Phase contrast and confocal immunofluorescence 
images showing albumin (Alb), E-cadherin (E-Cad), and nucleus (DAPI) staining of hiPSC-HPCs in bioprinted 
cocultures of panel (e) on the day of seeding (day 0) and 7 days later. Scale bars are 500 μm in brightfield 
and 100 μm in fluorescent images. (g) Albumin (left) and urea (right) secretions from 3D bioprinted cultures 
of panel (e) containing hiPSC-HPCs with (3D-triculture) or without (3D HPC-only) supportive cells as com-
pared to 2D hiPSC-HPC monolayers
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developed a bioprinted human liver tissue containing a compart-
ment of PHHs next to an NPC compartment containing HSCs and 
HUVECs housed in a 24-well transwell format [93]. These bio-
printed liver tissues displayed high viability, albumin secretion, and 
CYP3A4 activity for 28 days, and were more sensitive to the toxicity 
of trovafloxacin after 7 days of treatment than conventional mono-
layers (Fig. 3a–d). Academic groups have also created bioprinted 
liver tissues. Jeon et al. used a 3D bioprinting system to create struc-
tures containing HepG2 cells in alginate and found better growth 
and expression of liver-specific genes in the bioprinted structures as 
compared to the monolayer controls [94]. Ma et al. utilized 3D bio-
printing to create liver lobule-like hexagonal structures of iHeps, 
endothelial cells, and adipose-derived stem cells embedded in a 
hydrogel (Fig. 3e–g) [95]. Albumin secretion from the iHeps in 
such bioprinted tissues was detected for 32 days, urea secretion was 
detected for 15 days, while CYP450 mRNA transcripts were detected 
for 7 days. Furthermore, the levels of these markers were higher in 
the cocultured bioprinted tissues than bioprinted iHeps alone or 
conventional monolayers.

Fig. 4 Perfused liver cocultures. (a) The LiverChip platform. Reprinted with permission from [104]. A cell culture 
plate is attached to a pneumatic plate forming 12 fluidically isolated bioreactors per plate footprint (left). 
Bioreactor cross section is shown in the middle. A collagen-coated polystyrene scaffold (1 cm diameter) con-
taining microchannels is placed into each bioreactor for cell culture (right). (b) Low-magnification (left) and 
high magnification (right) immunofluorescent images showing primary human hepatocyte morphology after 
7 days (green: f-actin and blue: Hoescht) in the platform of panel (a). Scale bar is 100 μm. (c) Albumin secretion 
from the platform of panel (a). (d) Toxicity of hepatotoxin, diclofenac, to the platform of panel (a) after 6 days 
of treatment. Reprinted with permission from [105]. (e) Soft-lithographic process utilizing photoresist-coated 
silicon wafers and molding of polydimethylsiloxane (PDMS) on the wafers to create microfluidic devices with 
channels for cell seeding and inlet/outlet ports for culture medium perfusion [4]. This process is now widely 
used to create organ-on-a-chip platforms, including those for liver cocultures
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5 Perfused Cocultures

In contrast to static platforms, perfusion systems or bioreactors 
can allow automated control over culture medium pH, tempera-
ture, fluid pressures, cell shear stress, nutrient supply, and waste 
removal. The Griffith group at MIT pioneered one of the first 
perfused liver platforms for drug screening (Fig. 4a–d). In an ear-
lier version of this so-called “LiverChip,” Powers et al. cultured 
primary rat hepatocytes within an array of collagen-coated micro-
channels created via deep reaction ion etching of silicon wafers 
[96, 97]. Reactor dimensions were such that the perfusate flow 
rates met both the oxygen demands of the hepatocytes and sub-
jected the cells to low shear stress as in vivo. Over 2 weeks, the 
hepatocytes rearranged extensively to form tissue-like structures 
and preaggregating the cells for 2–3 days prior to introduction 
into the bioreactor further aided the reorganization process. 
Additionally, the hepatocyte aggregates maintained near constant 
rates of albumin secretion and urea synthesis under perfusion that 
were an order of magnitude higher than in static controls. CYP450 
activities were up to 33-fold higher in the perfused microreactors 
as compared to hepatocytes in a collagen gel sandwich after 7 days 
of culture [98]. Coculture of rat LSECs with rat hepatocytes in 
the LiverChip showed that the LSECs demonstrated moderate 
proliferation and were positive for the prototypical marker, SE-1, 
whereas LSECs entirely disappeared from conventional monolay-
ers after 13 days in culture [99]. Domansky et al. subsequently 
miniaturized the LiverChip into 12 polycarbonate microreactors 
in a multiwell plate footprint such that each microreactor had its 
own fluid reservoir and an integrated micropump for continuous 
perfusion [100]. When rat hepatocytes were cocultured with a 
mixture of liver NPCs in this multiwell LiverChip and subse-
quently stimulated with LPS for 48 h, elevated levels of pro-
inflammatory and anti- inflammatory cytokines were observed 
[101]. When LPS was administered to these cocultures with 
known idiosyncratic toxin, ranitidine, lactate dehydrogenase 
(LDH) release into the culture medium was markedly increased as 
compared to control cocultures and when the cocultures were 
treated with the nontoxic analog, famotidine [101].

The abovementioned LiverChip multiwell platform is now com-
mercially available through CN Bio Innovations Limited and it has 
been adapted to human hepatocyte-KC cocultures that display stable 
albumin secretion for 2 weeks and respond to LPS stimulation by 
increasing the secretion of 11 different pro-inflammatory cytokines 
(i.e., IL-6, TNFα, and RANTES) [102, 103]. Stimulating these 
cocultures with IL-6 caused a dose-dependent decrease in CYP3A4 
activity, an increase in C-reactive protein (CRP) secretion, and a 
decrease in shed soluble IL-6-receptor levels, which demonstrates an 
in vivo-like response of PHHs to IL-6 [104]. Treating the IL-6-
stimulated cocultures with tocilizumab, an anti- IL- 6R monoclonal 
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antibody, led to the recovery of CYP3A4 activity and reduction in 
CRP levels following 72 h of treatment. More recently, major phase 
I and II metabolites of diclofenac produced from the cocultures were 
similar to those observed in humans [105]. Furthermore, a glycine-
conjugated bile acid was found to be a sensitive marker of dose-
dependent diclofenac toxicity in the perfused cocultures.

Other groups have used PDMS-based microfluidic devices 
(Fig. 4e) to perfuse liver cocultures for drug screening. For 
instance, Kane et al. developed an 8 × 8 element nonaddressable 
array of microfluidic wells containing MPCCs of rat hepatocytes 
and 3T3-J2 fibroblasts that were independently perfused with cul-
ture medium and oxygen [106]. While perfused cocultures dis-
played stable albumin and urea secretions for 32 days, the static 
controls surprisingly secreted higher amounts of these biomarkers. 
However, in another platform containing randomly distributed 
cocultures of PHHs and endothelial cells, production of drug 
metabolites was observed at a greater rate in perfused cocultures 
relative to static controls [107]. Similarly, Esch et al. found higher 
albumin and urea secretions in perfused cocultures of PHHs and a 
liver NPC mixture (fibroblasts, HSCs, and KCs) as compared to 
static controls [108].

Multichamber and/or multilayered microfluidic devices are 
now being used for liver cocultures to mimic the architecture of the 
liver sinusoid in vivo. For instance, Kang et al. found that primary 
rat hepatocytes maintained normal morphology and produced urea 
for 30 days when they were cultured on one side of a transwell 
membrane while immortalized bovine aortic endothelial cells were 
cultured on the other side of the membrane that was subjected to 
dual-channel microfluidic perfusion [109]. In another example, 
Rennert et al. cultured a mixture of HUVECs and monocyte- 
derived macrophages on one side of a polyethylene terephthalate 
(PET) membrane and a mixture of HepaRG cancerous cell line and 
LX-2 immortalized stellate cell line on the other side of the mem-
brane [110]; the layered cocultures on the membrane were then 
perfused in a biochip that had integrated luminescent- based sensors 
for real-time measurement of oxygen consumption levels. Albumin 
and urea secretions were detected for 4 days at higher levels in per-
fused biochips as compared to static controls. Prodanov et al. also 
utilized a PET membrane to separate two cell culture chambers in 
a microfluidic device [111]. PHHs were seeded in the bottom 
chamber and overlaid with a collagen gel containing LX-2 cells, 
while a mixture of EA.hy926 endothelial cell line and U937 mono-
cyte cell line was seeded in the top chamber. The perfused cocul-
tures displayed higher albumin and urea secretions for ~4 weeks 
than static cocultures; however, CYP3A4 activity was statistically 
similar across both perfused and static cocultures.

Using a similar cellular makeup as that by Prodanov men-
tioned above [111], Vernetti et al. created layered liver cocultures 
in a single chamber commercially available microfluidic device; 
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PHHs were allowed to first attach overnight, followed by seeding 
of a mixture of EA.hy926 cells and U937 cells on top of the 
attached PHHs, and then the coculture was covered with LX-2 
cells embedded in a collagen gel [112]. In this so-called “SQL-
SAL” (sequentially layered self-assembled liver), about 20% of the 
PHHs were transduced with lentivirus carrying biosensors for 
apoptosis (cytochrome C) and reactive oxygen species or ROS 
(hydrogen peroxide). In contrast to static controls, perfused 
cocultures displayed higher albumin and urea secretions for 
25 days; the perfused cocultures also produced CYP450 and gluc-
uronidated metabolites of prototypical substrates. Hepatotoxicity 
of troglitazone in the perfused cocultures was observed via LDH 
release, albumin secretion, urea synthesis, a decrease in cyto-
chrome C biosensor intensity inside the transduced PHHs, and an 
increase in ROS biosensor intensity. Caffeine, on the other hand, 
did not cause hepatotoxicity to the perfused cocultures. When the 
perfused cocultures were treated with LPS, a dose-dependent 
increase in TNFα secretion was measured. Coincubating LPS with 
trovafloxacin led to an expected and marked increase in toxicity as 
assessed via LDH release, whereas such did not occur to the same 
extent with LPS + levofloxacin. This same group has recently pub-
lished a second generation version of their platform called 
“LAMPS” (liver acinus microphysiological system) that uses a gel 
composed of porcine- derived whole liver extracellular matrix 
(P-LECM) instead of rat tail collagen, primary human microvas-
cular endothelial cells instead of the EA.hy926 cell line, THP-1 
monocyte cell line instead of the U-937 cell line, and culture 
medium with reduced serum as well as soluble P-LECM, which 
better supports NPC functions [113].

In addition to any potential benefits of perfusion on the func-
tions of liver cocultures, perfusion can also subject the cells to gradi-
ents of oxygen, nutrients, and hormones, which have been shown to 
lead to zonation or differential functions in hepatocytes across the 
length of the sinusoid in vivo [114, 115]. DILI can also manifest 
itself with a zonal pattern dependent on the mechanism of action of 
the drug and its metabolism by specific isoenzymes in the hepato-
cytes [116, 117]. Allen et al. described the first parallel- plate bioreac-
tor with oxygen gradients that was used to induce a zonal pattern of 
CYP450s in rat hepatocyte cultures (Fig. 5a–d) [118]. Cells were 
cultured on a glass slide which was then placed inside a gas imperme-
able polycarbonate block with inlet and outlet for culture medium 
perfusion. After assembly, the chamber was inserted into the flow 
circuit containing a culture medium reservoir, gas exchanger, Clark-
type oxygen probe, and syringe pump. A model of oxygen transport 
in the bioreactor was developed to estimate oxygen distribution at 
the cell surface, and then experimental measurements of outlet oxy-
gen concentrations across various flow conditions were used to vali-
date model predictions. Hepatic viability was maintained across the 
entire chamber length for at least 24 h while the cells were subjected 
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to a physiologic oxygen gradient at the cell surface from 76 mmHg 
at the bioreactor inlet to 5 mmHg at the outlet. Such an oxygen 
gradient led to higher levels of phosphoenolpyruvate carboxykinase 
protein at the upstream (high oxygen) regions, while higher levels of 
CYP2B protein were localized at the downstream (low oxygen) 
regions as expected from in vivo data. The same group then extended 
the bioreactor design to higher functioning cocultures of rat hepato-
cytes and 3T3-J2 fibroblasts and showed greater cell toxicity at the 
downstream (low oxygen) regions following acetaminophen treat-
ment, presumably due to the higher CYP450 activities in the down-
stream regions as compared to the upstream regions [119].

Two other groups have adapted microfluidic systems to models 
of liver zonation. The abovementioned LAMPS was used to subject 
perfused human liver cocultures to zone 1 oxygen (10–12%) or 

Fig. 5 Zonated liver cocultures. (a) Parallel-plate bioreactor schematic to expose cells to an oxygen gradient. 
Reprinted with permission from [118, 119]. (b) Two-dimensional contour plot of predicted oxygen concentra-
tion profile in cross section of bioreactor of panel (a). Cells at the bioreactor outlet are exposed to a lower 
oxygen tension than cells at the bioreactor inlet. (c) Rat hepatocyte bioreactor of panel (a) treated with acet-
aminophen showed greater (zonal) toxicity near the bioreactor outlet as assessed by the MTT stain (top). 
Higher (zonal) expression of CYP2B enzyme at the outlet of the bioreactor (bottom). (d) Structure of a multilay-
ered liver coculture housed in a commercially available microfluidic device from Nortis Bio [113]. An X–Z 
projection is shown that demonstrates the layering of the cells with the reconstructed liver acinus from confo-
cal images of labeled hepatocytes, the porcine liver ECM (LECM), and endothelial cells. The white scale bar is 
10 μm. (e) The device of panel (e) was operated with different perfusion rates (5 μL/h for zone 1, periportal, 
and 15 μL/h for zone 3, perivenous) to subject the liver cocultures to different oxygen tensions as in liver zona-
tion in vivo. Albumin level was measured in the efflux at the device outlet (left), while CYP2E1 protein expres-
sion level was measured via imaging of a fluorescently labeled antibody (right)
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zone 3 oxygen (3–5%) levels in separate devices (Fig. 5e–g) [113]. 
The oxygen tension in each configuration was computationally 
modeled using the microfluidic device dimensions, culture medium 
flow rate, cell numbers, oxygen consumption rate of hepatocytes, 
and the diffusion coefficients of oxygen in different materials. The 
computational model of oxygen tensions was validated using oxy-
gen sensitive and insensitive dyes. At the functional level, zone 1 
cocultures exhibited greater levels of oxidative phosphorylation, 
albumin secretion, and urea synthesis as compared to zone 3 cocul-
tures, which is consistent with zonal functions in vivo. On the other 
hand, zone 3 cocultures exhibited greater levels of alpha-1-anti-
trypsin activity, glycolysis, steatosis, CYP2E1 activity, and acetamin-
ophen toxicity as compared to zone 1 cocultures. In contrast to an 
oxygen gradient, McCarty et al. generated a gradient of soluble fac-
tors (i.e., hormones and drugs) onto a rat hepatocyte monolayer 
using a microfluidic device [120]. Subjecting the cells to glucagon 
and insulin gradients, but in opposite directions (i.e., high glucagon 
with low insulin, and low glucagon with high insulin), led to an 
expected staining pattern for glycogen, such that cells contained 
less cytoplasmic glycogen in the presence of high levels of glucagon 
and more glycogen in the presence of high levels of insulin. For 
carbomyl phosphate synthetase 1 (CPS1, a urea cycle enzyme) 
staining, the opposite trends than glycogen were observed. Finally, 
cultures that were subjected to a gradient of 3-methylcholanthrene 
(3-MC), an inducer of glutathione S-transferase and CYP450 
enzymes, displayed greater  hepatotoxicity of allyl alcohol in the low 
3-MC region and greater hepatotoxicity of acetaminophen in the 
high 3-MC region. Such a trend could be due to a greater level of 
protective glutathione conjugation of the reactive (toxic) metabo-
lite of allyl alcohol in the high 3-MC region, and a greater level of 
CYP450-mediated generation of the toxic metabolite of acetamino-
phen in the high 3-MC region.

6 Appraising Coculture Phenotype Before and After Drug Treatment

It is important that prior to treatment with any drugs, the pheno-
types of the various cell types in the liver cocultures are appraised 
using well-accepted markers towards providing the highest probabil-
ity of obtaining a robust in vitro-to-in vivo correlation in the mea-
sured DILI endpoints. The phenotypic stability of hepatocytes can 
be assessed over time without having to lyse the cells by measuring 
albumin and urea secretions in the cell culture supernatants, and 
probing the activities of major CYP450 (i.e., CYP1A2, 2A6, 2B6, 
2C8, 2C9, 2C19, 2D6, and 3A4) and phase II (i.e., UGTs) enzymes 
using prototypical substrates, in some cases with fluorescent or lumi-
nescent readouts. We refer the reader to a previous article that details 
methods for these phenotypic markers [51]. While the stability of 
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the abovementioned phenotypic markers typically indicates a healthy 
hepatocyte, other proteins that are pertinent to the line of inquiry 
may need to be measured in supernatants and/or cell lysates. For 
liver NPC types, there is less consensus on which are the most appro-
priate markers to measure in vitro relative to in vivo biology. 
Nonetheless, we refer the reader to another review article that sum-
marizes markers which have been most commonly used for different 
liver NPC types [121]. In some cases, global gene expression pro-
files extracted from the liver cocultures followed by RT-qPCR vali-
dation can also be useful to analyze diverse pathways expressed over 
time in culture; however, with mixed cocultures, it is not always 
trivial to discern which cell type is contributing to a given gene 
expression signal. Finally, it is important to compare the phenotype 
of cells in cocultures over time to freshly isolated cell counterparts 
(prior to any plating) from the same donor(s) to determine the 
extent to which cultured cells are like a phenotype that is closest to 
the in vivo liver. With the increased use of commercially available 
cryopreserved cells for on- demand drug screening, fresh tissues/
cells are not always available and/or desired. In that case, the pheno-
type of cultured cells over time should be compared to cells imme-
diately after thawing.

After treatment with drugs, the phenotype and viability of liver 
cocultures can be evaluated as a function of the dose and time of 
drug incubation. However, for general/nonspecific cytotoxicity 
markers like ATP or LDH, control cultures of the NPC types may 
need to be carried out if the objective is to determine hepatotoxic-
ity versus cytotoxicity to the entire liver tissue. Regardless, it is 
important to evaluate cell type-specific markers (i.e., albumin 
secretion, urea synthesis, and ALT leakage for hepatocytes) along-
side the cytotoxicity markers to provide a complete picture of how 
different cell types are affected by the drug of interest. High con-
tent screening (HCS) of multiplexed fluorescent readouts can also 
be used to obtain an understanding of cell-specific and organelle- 
specific mechanisms underlying DILI. Several commercial HCS 
systems (e.g., Thermo Fisher ArrayScan, Molecular Devices 
ImageXpress, GE Healthcare IN Cell Analyzer, and PerkinElmer 
Opera Phenix) couple automated and multispectral epifluorescent 
microscopy with software for real-time analysis of fluorescent 
intensities within individual cells. HCS for DILI detection was ini-
tially implemented by O’Brien et al. using HepG2 cells [122], 
extended by Xu et al. to short-term ECM-sandwich cultures of 
PHHs [66], and more recently applied to MPCCs containing 
PHHs and 3T3-J2 fibroblasts [61]. Several parameters can be 
assessed using HCS such as cell number via nuclei count, reactive 
oxygen species, mitochondrial membrane potential, apoptosis, cell 
cycle arrest, cell stress response, phospholipidosis, and neutral lipid 
accumulation [123, 124].
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7 Modeling Diseases Using Cocultures

Liver diseases can also potentially affect the severity of DILI in 
patients [125], and therefore drugs that are being developed for 
treating diseases of the liver, such as chronic inflammation, hepati-
tis B/C viral infections, malaria, nonalcoholic fatty liver disease, 
and fibrosis, need special attention for testing both efficacy and 
toxicity. While still a relatively new direction, engineered human 
liver cocultures have the potential to be used for such a dual- 
purpose scenario by first mimicking aspects of the disease in an 
in vitro setting. For instance, to model “resident” liver inflamma-
tion, a few groups have cocultured PHHs with primary KCs or 
macrophages derived from a monocyte cell line and showed cyto-
kine release from the KCs or macrophages following stimulation 
with LPS or other cytokines. Nguyen et al. demonstrated from 
LPS-stimulated MPCCs the increased secretion of six different 
cytokines that scaled with the number of primary KCs incorpo-
rated into the cocultures [73]; Sarkar et al. demonstrated the 
increased secretion of 11 different cytokines following LPS stimu-
lation of PHH-KC cocultures in the perfused LiverChip platform 
[105]; and, Vernetti et al. demonstrated that increasing doses of 
LPS caused increased secretion of TNFα from microfluidic cocul-
tures containing PHHs and U937-derived macrophages [112]. 
Liver cocultures with activated KCs or macrophages have been 
shown to display reduced activities of CYP450 enzymes (i.e., 3A4) 
[73, 104], which can lead to drug–drug interactions and enhanced 
toxicity of certain pharmaceuticals. Indeed, both trovafloxacin 
[112] and ranitidine [101] have been shown to display increased 
hepatotoxicity in cocultures containing activated KCs or macro-
phages as compared to quiescent control cocultures.

Malaria, caused by the Plasmodium parasite, causes ~3000 
deaths every day from ~250 million reported cases globally. 
Continued development of antimalarial drugs and vaccines against 
the liver stage of Plasmodium can potentially interrupt the life 
cycle of the parasite at a critical stage and prevent relapse. Due to 
species- specific differences in antigenic variation and mechanisms 
of host cell invasion [126, 127], human liver models of malaria 
infection are needed for developing efficacious and safe therapeu-
tics. Human MPCCs have been successfully infected with 
Plasmodium sporozoites [45], and the infection efficiency can be 
enhanced when the cultures are subjected to hypoxia [63]. 
Infected MPCCs can be used with HCS to determine the effects 
of antimalarial drugs and vaccines on the sporozoite size and 
number [50], as well as the potential for toxicity [61]. The infec-
tion of iHeps with Plasmodium now allows the ability to investi-
gate inter-individual drug responses [128].
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Hepatitis B and C viruses (HBV and HCV) chronically infect 
the liver of 130–170 million and 400 million people worldwide, 
respectively. Conventional PHH monolayers can be infected with 
both viruses [129, 130], but the rapid decline in CYP450 activities 
in monolayers makes screening for drug efficacy and toxicity diffi-
cult. On the other hand, higher functioning and longer-lasting 
engineered liver models infected with HCV/HBV can mitigate 
such a limitation with conventional PHH monolayers. For instance, 
Kang et al. infected their abovementioned rat hepatocyte/endo-
thelial microfluidic coculture with a recombinant adenovirus con-
taining a replication competent copy of the HBV genome, and 
detected cell-secreted HBV DNA in the device for 8 days [109]. 
However, the use of the adenovirus to circumvent the inability of 
rat hepatocytes to be infected with a human pathogen like HBV 
does not capture the dynamics of a human-specific viral infection 
event. In contrast, phenotypically stable MPCCs containing PHHs 
can be infected with both HCV [43] and HBV [44]. Interestingly, 
randomly distributed cocultures of the same two cell types (PHHs 
and 3T3-J2 fibroblasts) do not support viral infection, likely due to 
an incomplete polarization and lower functionality of the hepato-
cytes than in MPCCs. Infection of iHeps with HCV [131] and 
HBV [44] enables the investigation of the effects of donor geno-
type and host genes on infection efficiency, propagation, and resis-
tance to drug therapies.

Nonalcoholic fatty liver disease (NAFLD) is on an epidemic 
rise (~1 in 4 individuals in the USA), and is a major risk factor for 
type 2 diabetes mellitus (T2DM) [132] and nonalcoholic steato-
hepatitis (NASH) that can progress to liver cancer, which is a virtu-
ally untreatable disease [133]. Animal models of such diseases do 
not suffice for drug development due to significant species-specific 
differences in NAFLD [134] and drug metabolism [135] path-
ways; thus, human liver models are essential. Davidson et al. 
showed that human MPCCs exposed to a hyperglycemic culture 
medium for 3 weeks developed fatty liver (steatosis) and became 
resistant to insulin-mediated suppression of gluconeogenesis con-
comitantly, but CYP450 activities, albumin secretion, and urea 
synthesis were not affected [64]. Treating the steatotic MPCCs 
with the antidiabetic drug metformin reduced gluconeogenesis. 
Thus, a diet-induced “fatty” MPCC model that displays a disease- 
relevant phenotype but still maintains stable drug metabolism 
enzymes can be used to screen for the efficacy and toxicity of drug 
candidates that cause a reduction in hepatic glucose output and 
steatosis. In another example, the LiverChip model containing 
PHHs described above was incubated for 14 days with excess free 
fatty acids (FFA) containing palmitic and oleic acids [136]. As in 
the study by Davidson et al. using MPCCs [65], steatotic PHHs in 
the LiverChip did not experience hepatotoxicity; however, genes 
associated with NAFLD and albumin secretion were increased, 
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while CYP3A4 and CYP2C9 enzyme activities were significantly 
reduced. Treating the cultures with FFAs in the presence of met-
formin caused a reduction in cellular fat content as compared to 
untreated controls.

Once NAFLD progresses to NASH, however, HSCs become 
activated into myofibroblasts that secrete proinflammatory cyto-
kines and deposit excessive collagen that can lead to fibrosis [133]. 
Reversing such fibrosis using pharmaceutical drugs can potentially 
halt the progression of NASH into cirrhosis and hepatocellular car-
cinoma. Engineered human liver cocultures can be used to model 
aspects of NASH and fibrosis for utility in phenotypic drug discov-
ery. For example, Davidson et al. recently developed a micropat-
terned triculture (MPTC) platform in which (a) micropatterned 
PHHs were functionally stabilized using the 3T3-J2 fibroblasts (as 
in MPCCs described above), and (b) the PHH phenotype was 
modulated by culturing activated HSCs within the fibroblast 
monolayer at physiologically relevant ratios with PHHs; such a tri-
culture configuration was used since the HSCs were not able to 
stabilize the PHH phenotype to the same magnitude and longevity 
as the fibroblasts [74]. While albumin and urea secretions were 
relatively similar in MPTCs and MPCCs (suggesting well- 
differentiated PHHs), over the course of 2 weeks, increasing HSC 
numbers within MPTCs (a) downregulated hepatic CYP450 (2A6, 
3A4) and transporter activities, (b) caused hepatic steatosis, and (c) 
enhanced the secretion of pro-inflammatory IL-6 and CRP; effects 
that are consistent with clinical findings in patients with the early 
stages of NASH/fibrosis [137, 138]. Perhaps more importantly, 
inhibition of NADPH oxidase (NOX) and/or activation of farne-
soid X receptor (FXR) using clinically relevant drugs, GKT137831 
and obeticholic acid (OCA), respectively, alleviated hepatic dys-
functions in MPTCs at nontoxic concentrations, thereby suggest-
ing MPTC utility for screening the efficacy and toxicity of 
anti-NASH/fibrosis drugs.

In another example of an engineered NASH human liver 
model, Feaver et al. created a platform in which PHHs were cul-
tured in a collagen gel on one surface of a polycarbonate transwell 
membrane, while HSCs and macrophages were cultured on the 
other surface [139]. The HSC/macrophage side was subjected to 
liver sinusoidal-like hemodynamic flow via a cone-and-plate vis-
cometer, while the hepatocyte side was subjected to continuous 
perfusion to recapitulate interstitial flow. When exposed for 10 days 
to a lipotoxic milieu (high insulin and glucose, and free fatty acids), 
PHHs in this coculture model accumulated lipids, increased glu-
cose output, and displayed reduced insulin sensitivity. Furthermore, 
inflammatory markers (i.e., IL-6 and ALT) were secreted at higher 
levels, and HSCs displayed increased activation as assessed via 
alpha-SMA staining. More importantly, correlation was demon-
strated between transcriptomic and lipidomic data obtained in vitro 
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and in human liver NASH biopsies. Finally, treating the in vitro 
diseased cocultures with OCA led to improvements in the lipido-
mic signature, and a reduction in inflammatory and fibrotic 
secreted factors.

Besides diet, some drugs can also cause fibrosis-like effects in 
the liver, which represents a type of DILI; therefore, modeling 
such effects in engineered human liver models is important for pre-
clinical drug development. For instance, Norona et al. demon-
strated drug-induced fibrogenesis in Organovo’s bioprinted human 
liver tissues [93]. Specifically, treating the bioprinting liver tissues 
with methotrexate and thioacetamide for up to 14 days caused 
increased LDH release relative to vehicle controls, enhanced depo-
sition of fibrillar collagen I, and a surge in proinflammatory cyto-
kines initially followed by alterations in immunomodulatory 
cytokines at subsequent time-points. Similarly, Vernetti et al. 
showed the migration of activated HSCs to the hepatocyte layer in 
layered microfluidic human liver cocultures treated with metho-
trexate [112]. We anticipate that other liver coculture models will 
be utilized for modeling drug-induced fibrosis now with the proof- 
of- concept established in the abovementioned studies.

8 Practical Considerations in Using Cocultures for Drug Toxicity Studies

An important consideration in the design and use of engineered 
liver cocultures for drug screening is the type of material used (i.e., 
scaffold type and tubing for microfluidics) to interface with the 
cells. Drugs can often bind to the material(s) in a culture platform 
and not reach the cells, which necessitates cell-free experiments to 
trouble-shoot any issues. Thus, using materials that do not signifi-
cantly bind lipophilic molecules, such as drugs and hormones that 
the cells need to function optimally, is critical for building culture 
platforms for liver and other tissues [140]. An interesting strategy 
is to coat microchannels in a culture device with endothelial cells 
[141], thereby preventing drug-related material from binding to 
the underlying material.

The throughput of a platform is also an important consider-
ation for testing more than just a few compounds, especially in the 
early stages of drug development with tight timelines. Adapting 
engineered liver cocultures to a multiwell footprint that can be 
interfaced with robotic fluid handlers is thus useful to meet 
throughput demands. For instance, MPCCs from human [53] and 
animal [142] hepatocytes are all presented in an industry-standard 
multiwell plate format (up to 384-well plates) that seamlessly inte-
grates with both robotic fluidic handlers and HCS instruments 
[61]. Similarly, the InSphero [78] and LiverChip [104] platforms 
have both been adapted to multiwell plate formats for increasing 
the throughput of spheroidal liver cocultures. While increasing the 
throughput of a platform can potentially help reduce the cost of 
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testing each drug, the use of animal liver cells and/or cancerous 
cell lines within culture models can also aid in cost reduction as 
well as mitigate the inherent donor-to-donor variability with pri-
mary cells. However, the use of such “alternative” cell sources due 
to constraints of cost during drug development is ultimately a 
compromise over primary cells in human physiological relevance.

9 Conclusions and Future Outlook

Over many high-profile drug failures in clinical trials and in the 
marketplace [125], it has become increasingly clear that animals 
are not fully predictive of human DILI [3], which necessitates the 
utilization of in vitro models of the human liver during preclinical 
drug development [4]. The development of human liver models 
began several decades ago with the isolation [143, 144] and cul-
ture of hepatocytes on ECM protein-coated plastic [10–12, 24]. 
Today, the use of sophisticated engineering tools, such as micropa-
tterning [42], microfluidics [98, 112], specialized plates [78, 81], 
biomaterials scaffolds [145], and 3D bioprinting [93], has allowed 
more precise control over the liver cell microenvironment, which 
has led to stabilized liver functions for several weeks. Such longev-
ity of functions has proven highly useful for chronic treatment with 
drugs to significantly enhance the sensitivity for DILI prediction 
over short-term (<48 h) drug treatment of conventional  monolayers 
(Table 1) [4]. Most of the liver models that display high levels of 
functions cocultivate hepatocytes with NPCs; surprisingly, even 
non-liver-derived NPC types (i.e., 3T3-J2 murine embryonic 
fibroblasts) can induce high levels of functions in hepatocytes from 
multiple species, including humans, which suggests that the molec-
ular mediators underlying the “coculture effect” are relatively well- 
conserved across species [5]. Often, the exact liver architecture is 
not fully recapitulated in engineered liver cocultures (i.e., disorga-
nized spheroidal cultures and circular islands in MPCCs), but still 
leads to healthy and functioning liver cells, which suggests that the 
biochemical and biophysical microenvironment around the cells is 
ultimately more important for generating high-fidelity human liver 
models than mimicking the macroarchitecture of the native liver. 
Furthermore, optimizing the homotypic and heterotypic cell–cell 
interactions using technology (i.e., micropatterning, specialized 
plates to create controlled sized spheroids, and bioprinting) is 
important to enhance liver functions and enable reproducible data 
sets across many experiments. Lastly, while liver NPCs such as KCs, 
HSCs, and LSECs have all been incorporated into engineered liver 
cocultures to study how DILI is modulated by these cell types, it 
remains unclear how to incorporate biliary epithelial cells in mod-
els in such a way that they can form bile ducts that drain the con-
tents of the hepatic bile canaliculi into a separate flow compartment 
than that used to mimic blood flow.
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Table 1 
Benefits and potential limitations of liver coculture platforms for DILI screening

Model Benefits Potential limitations

Randomly distributed 
(conventional) 
cocultures

• Can be cultured in high- 
throughput plate formats

• No specialized system needed to 
establish cocultures

• Different NPC types can be used to 
support hepatocytes

• Easily compatible with high 
content imaging readouts

• Can display variability in induction 
of hepatocyte functions with the 
choice of specific NPC type

• Can display morphological and 
functional instability due to regions 
of suboptimal cell–cell interactions 
within the monolayer

• Are not able to sustain infection 
with HBV/HCV and malaria due 
to potential lack of complete 
hepatocyte polarity

Micropatterned 
cocultures

• Controlled cell–cell interactions 
allow for higher and stable 
functions for 4–6 weeks than 
randomly distributed cocultures

• Modular design allows for the use 
of different NPC types without 
significantly altering hepatocyte 
homotypic interactions

• Can be infected with HBV, HCV, 
and malaria

• Display fatty liver phenotype when 
treated with hyperglycemic and/or 
high fatty acid containing culture 
medium

• Compatible with high content 
imaging readouts

• Currently rely on collagen alone for 
hepatocyte attachment as opposed 
to more complex liver-inspired 
ECM

• Currently lack all liver stromal cells
• Use nonhuman supporting 

fibroblasts
• Require specialized equipment and 

devices for patterning collagen

Spheroidal cocultures • Can be created using a variety of 
different methods/plates

• Cell-secreted ECM protein matrix 
forms around the spheroids

• Multicellular interactions can be 
studied

• Maintenance of major liver 
functions for several weeks

• Have been shown to be compatible 
with multiple applications within 
the drug development pipeline

• Can be difficult to control 
disorganized cell type interactions 
over time

• Necrosis can occur in the center of 
larger spheroids

• Size variability can occur with some 
methods

• High content imaging for entire 
spheroid may require expensive 
confocal microscopy depending on 
the spheroid size

(continued)
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Some key issues that pertain to engineered liver cocultures 
will need to be addressed moving forward. First, it will be useful 
to rely on similar endpoints and data normalization schemes (i.e., 
based on cell number, protein, and/or RNA levels) when show-
ing functionality and stability of an engineered liver coculture so 
that the data can be compared across different laboratories. 
Second, consortia led by pharmaceutical companies and regula-
tory agencies will be important to evaluate multiple engineered 
liver cocultures using a consistent set of drugs and endpoints. 
Currently, it remains unclear which of the engineered liver cocul-
ture platforms outperforms the others due to a lack of standard-
ized comparisons by the same personnel in the same laboratories 
using the same cell donors. Third, engineered liver cocultures 
will need to mimic aspects of innate and adaptive immunity as 
well as different liver diseases to better predict idiosyncratic toxic-
ity in the clinic. Nonetheless, engineered liver cocultures coupled 
with cellular stress markers have been shown to accurately detect 
the DILI potential of hepatotoxins that were previously thought 

Table 1
(continued)

Model Benefits Potential limitations

Bioprinted cocultures • Precise control of cell placement 
allows formation of separate 
hepatocyte and NPC 
compartments

• Versatile method to create diverse 
architectures as desired

• Multicellular interactions can be 
studied

• Maintenance of major liver 
functions for 1 month

• Compatible with DILI screening 
and to model drug-induced fibrosis

• Printing resolution does not always 
allow placement of individual cells

• Low-throughput
• Requires complex and expensive 

equipment
• Requires significantly more cells 

than other higher-throughput/
miniaturized methods

• Potential heterogeneous drug 
distribution across large printed 
tissues

Perfused cocultures • Dynamic fluid flow for nutrient and 
waste exchange

• Several commercial configurable 
devices available for cell culture 
and perfusion

• Layered architectures can be 
created with single chamber or 
multichamber microfluidic device 
designs

• Sustained functionality for 
2–4 weeks

• Gradients of oxygen/hormones can 
be created to model zonal liver 
phenotypes

• Potential binding of drugs to tubing 
and materials used

• Large dead volume requiring higher 
quantities of novel compounds for 
treatment of cell cultures

• Low-throughput
• Shear stress may cause lower hepatic 

functions
• May wash away built-up beneficial 

molecules with perfusion
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to be idiosyncratic (i.e., troglitazone, diclofenac, and clozapine) 
[62, 72, 93, 112]. However, it is not currently possible to predict 
with in vitro approaches which specific individuals will adapt to 
cell stress and which individual will experience progressive and 
severe DILI. The differentiation of iPSCs from thousands of 
human patients with different genetic backgrounds into multiple 
types of liver cells may potentially be useful to elucidate inter-
individual variations in DILI outcomes [71, 146]. When cultured 
in an advanced platform like MPCCs, human iHeps display sensi-
tivity/specificity for DILI detection that now approaches that 
measured in stable PHHs [72]. However, further improvements 
in the functional maturity of iHeps and other iPSC-derived liver 
NPC types will be needed to enable the routine use of these cells 
for investigating DILI during drug development.

In conclusion, different types of engineered liver cocultures 
are available for investigating DILI potential in multiple phases of 
drug development based on the posed hypotheses, throughput 
requirements, and budgetary constraints. The continued develop-
ment and validation of engineered cocultures using both primary 
and iPSC-derived human liver cells will ultimately provide a better 
understanding of idiosyncratic DILI, reduce the usage of animals 
in preclinical drug development, and mitigate the risk of DILI to 
patients.
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Chapter 12

Status and Future of 3D Cell Culture in Toxicity Testing

Monicah A. Otieno, Jinping Gan, and William Proctor

Abstract

Drug-induced liver injury is a major reason for safety-related attrition in the pharmaceutical industry. 
There is continued search for in vitro models that can be used to consistently and reliably select com-
pounds with reduced liability for liver injury. 2D in vitro models, such as liver cell lines and primary hepa-
tocytes have been used for many decades prior to advancement to micropatterned 2D liver models; the 
latter have improved metabolic activity and can be cultured for long periods without loss of function/
viability. The emergence of 3D liver models, including spheroids, 3D bioprinted livers, and liver-on-chip 
have the potential to revolutionize in vitro liver toxicity testing. These models have been collectively 
coined as microphysiological systems (MPS). The MPS models can be maintained in culture for at least 
1-month during which they retain significant drug metabolism capability. Some MPS models can also be 
cocultured with other nonparenchymal supporting cells, such as endothelial, Kupffer, and stellate cells, 
which increases the versatility of the models for toxicity assessment. An added benefit of some MPS models 
is the ability to sample supernatant for biomarker measurements. There are several contexts of use for 
which MPS models can be applied, and the most likely use will be for candidate drug screening and mecha-
nistic studies.

Key words 3D models, Liver, Microphysiological systems, MPS, Spheroids, Liver-on-chip, Bioprinted

1 Introduction

Drug-induced liver injury (DILI) is a major contributor to drug 
attrition in the pharmaceutical industry [1], and is the major cause 
of acute liver failure leading to death or requiring liver transplanta-
tion [2]. DILI can be categorized as intrinsic or idiosyncratic [3]. 
Intrinsic DILI is exemplified by acetaminophen where liver injury 
is predictable and can be monitored with serum biochemical 
markers. In contrast, idiosyncratic DILI (iDILI) occurs in a few 
individuals in large populations exposed to drugs, and is often not 
predicted by animal toxicology studies [3]. There are several in 
silico, in vitro, and in vivo approaches (Fig. 1) that can be taken to 
de-risk DILI during drug discovery and development. These 
approaches can be applied proactively to select candidates with 
reduced risk for DILI or retrospectively for mechanistic 
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 understanding of liver findings in the clinic or in animal studies. 
Traditionally, in vitro studies have been conducted in primary 
hepatocytes or liver-derived cell lines, such as HepG2 or THLE 
cells transfected with cytochrome P450s [4–7]. More recently, 
cytotoxicity has been combined with additional mechanistic end 
points, such as inhibition of hepatic transporters, most commonly 
the bile salt efflux pump (BSEP), and assessment of mitochondrial 
dysfunction for an integrated assessment of DILI risk [8–11]. The 
term of two-dimentional (2D) models has recently been coined to 
describe these traditional hepatocyte models, to distinguish from the 
newer three-dimenional (3D) liver models [12]. In this chapter, 
we describe various 3D liver models, current progress in the char-
acterization and use of these models, and the challenges and 
opportunities in improving predictive values of these models.

2 Advantages and Limitations of Traditional 2D Hepatocyte Models

Traditional 2D hepatocyte models mentioned here refers to those 
cells grown in monolayers, such as primary hepatocytes and liver- 
derived cell lines. These models can be used early in the drug dis-
covery process for hazard identification. An advantage of these 
models is their amenability to high throughput screening and 
high-content image analyses [7]. Use of 2D systems are discussed 
in more detail in Chaps. 8 and 9. A major disadvantage is they 
either lack metabolic capability or the enzymatic activity deterio-
rate with time during culture [13, 14], and these defects lead to 
loss of hepatocyte phenotype, e.g., albumin secretion and 
 morphology, in culture [13]. The gaps in these traditional 2D 

Fig. 1 Current approaches for assessing drug-induced liver injury

Monicah A. Otieno et al.

minjun.chen@fda.hhs.gov



251

models have led to innovative approaches, such as enhanced 2D 
models and 3D models, which have generated more complex 
models that retain hepatocyte-like phenotypes, physiology, and 
functions. The most commonly used enhanced 2D model is the 
matrix overlay hepatocyte sandwich culture model usually used for 
assessing transporter function [15]. Other models include the 
micropatterned cocultures of hepatocytes, fibroblasts, and Kupffer 
cells [16, 17] and iPSC-derived hepatocytes [18, 19]. The micropa-
tterned models have the advantage of maintaining viability and 
hepatocyte function for prolonged incubation times of at least 
7 days, and are useful for assessing the metabolic clearance of 
compounds with low turnover, studying transporter mechanisms, 
and assessing cytotoxicity. These models have been detailed in 
Chaps. 10 and 11 of this volume.

3 Characteristics of 3D Liver Models

3D liver models include the self-aggregated spheroids, 3D printed 
tissues, and fluidic-based 3D models that can be cultured as mono-
cultures of hepatocytes or as cocultures with nonparencyhmal cells 
including sinusoidal endothelial cells, Kupffer cells, or stellate cells 
[12, 20–22]. These models are improved over 2D models because 
they can be maintained in culture for prolonged periods (>2 weeks) 
while remaining viable and retaining enhanced metabolic activity 
during this culture period, and some models that are cocultured 
with nonparenchymal cells allow for detection of toxicities caused 
by compounds that may target these cells. The term of microphysi-
ological systems (MPS) has been coined to describe the enhanced 
3D models, i.e., 3D spheroids, 3D bioprinted tissues, and fluidic- 
based organs-on-chip. Methods for preparation and characteriza-
tion of these models are described in detail below.

Spheroids are generated from self-aggregating liver-derived cell 
lines [23, 24], primary hepatocytes [25], or iPSC-derived hepato-
cytes [22] with or without supporting nonparenchymal cells. 
Ideally, the size of the spheroids should be optimized to prevent 
necrotic centers and culture conditions are usually controlled to 
prevent disaggregation, which at times may be caused by turbu-
lence when manipulating the cells during handling. The following 
part describe three methods used for developing and characteriz-
ing spheroid cultures.

This method, adapted from Bell et al. [25], describes the simplest 
approach for culturing spheroids. Cryopreserved primary 
 hepatocytes and nonparenchymal cells are seeded at a ratio of 2:1 
into ultralow attachment 96-well plates at 2000 cells per well in 
hepatocyte media containing 10% FBS and centrifuged at 100 × g 

3.1 3D Spheroids

3.1.1 Primary 
Hepatocyte Spheroid 
Cocultured 
with Nonparenchymal Cells

3D Liver Models in Toxicity Testing
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for 2 min. Spheroids form by self-aggregation of the cells, and on 
Days 4 or 5, 50% of the media is exchanged with serum-free media 
every 2–3 days, and the spheroids can be maintained in culture for 
at least 1 month. The hepatocyte spheroids prepared with this 
method were characteristically similar to human liver based on 
their transcriptomic and proteomic signatures; they also main-
tained hepatocyte functionality and showed increased sensitivity to 
liver toxicants compared to 2D hepatocytes (Fig. 2).

Berger et al. [23]. also describes an equally simple approach for 
a hepatocyte/fibroblast spheroid coculture. In this method 3T3 
fibroblasts are seeded at 8000 cells/well into a micropatterned 
96-well plate (40,000 cells/well in 24-well plates), and the cells 
incubated in standard Dulbecco’s Modified Eagle’s culture medium 
for 2 days. Cryopreserved human hepatocytes at 25,000 cells/well 
are added to the fibroblasts in the 96-well plate (or 125,000 cells/
well in 24-well plates) in conventional hepatocyte media, and the 
coculture incubated for at least 2 days to allow for spheroid forma-
tion. Cytochrome P450 activities in the hepatocyte/fibroblast 
spheroid coculture were significantly improved over standard 2D 
hepatocytes and HepG2 cells, but was marginally improved over 
HepaRG cells (Fig. 3).

This method, adapted from Okudaira et al. [26], includes additional 
complexity compared to the simple method described previously 
(vide supra) by controlling the size of formed spheroids, coating 
the hepatocytes with endothelial cells (HUVECs), and forming the 
spheroids in a collagen matrix. Controlling the size of the spheroids 
prevents formation of large spheroid aggregates, which can form 
necrotic centers due to poor perfusion of nutrients and oxygen. In 
this method (Fig. 4), primary hepatocytes were cultured in a 6-well 
plate at 7.5 × 106 cells/well in 1.5 mL hepatocyte culture media 
and centrifuged at low speed (80 rpm) in a humidified CO2 
incubator. Self-aggregating hepatocyte spheroids were collected 
on Day 2 and sieved through a wire mesh to generated 50–150 μm 
aggregates that were suspended in 1 mL hepatocyte media. 
Reconstituted collagen (Cell matrix Type 1A) was added to the 
spheroid suspension for a final collagen concentration of 1.2 mg/
mL; the suspension was incubated for 1 h at 4 °C, washed with 
10 mL cold hepatocyte media, and then centrifuged for 1 min at 
40 × g. The collagen coated hepatocyte/HUVEC spheroids were 
suspended in 12 mL hepatocyte culture medium and plated on a 
100 mm cell culture dish coated with 4% agarose. The medium 
(6 mL per dish) was replaced on Day 2 of coculture and HUVEC-
covered hepatocytes spheroids were collected on Day 4 of coculture 
for experiments. The spheroid coculture of hepatocytes with 
HUVECs significantly improved urea and albumin synthesis 
compared to spheroid cultures of hepatocytes only or the standard 
2D culture.

3.1.2 Primary 
Hepatocyte Spheroid 
Cocultured with Endothelial 
Cells in a Collagen Matrix
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Fig. 2 Primary human hepatocyte spheroids. (a) H&E staining, (b) E-Cadherin staining, (c) Caspase 3 expression, 
(d, e) MRP2, CYP3A4, and Albumin staining (f) ATP levels. Adapted from Bell, Catherine et al., (2016) Science 
Reports, 6, 25,187

Fig. 3 Basal activity of CYP2C19 (a) and CYP3A4 (b) in HepG2, HepaRG, 2D- and 3D cultured primary 
cryopreserved human hepatocytes. Adapted from Berger, B et al., (2016), Frontiers in Pharmacology, 7, 443
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In this method, gravitational force is utilized to allow cells to 
assemble into spheroids in a hanging droplet using proprietary 
plates (GravityPLUS™). This is a scaffold-free system because the 
cells form de novo extracellular matrix, e.g., collagen, as they form 
the spheroids. This technology also controls for the size of spher-
oids formed and selects against necrotic spheroids. The spheroids 
form within 2–4 days after which they are harvested in 
GravityTRAP™ plates for treatment. The spheroids can be pre-
pared with different cells types other than hepatocytes. In methods 
described by Takahashi et al. [24], HepG2 cells (250–2000 cells/
well) or HepaRG cells (8000–24,000 cells/well) are seeded in 
GravityPLUS™ 96-well plates at a final volume of 40 μL. 75% of 
the media is changed every 1–3 days and the spheroids are col-
lected into GravityTRAP plates by adding 70 μL of fresh media 
into each well of the GravityPLUS plates. The V-shaped bottom of 
the GravityTRAP plates allow for washing, treatment, and aspira-
tion of media without dislodging the spheroid cell aggregates. This 
technology can also be used to develop spheroid cocultures with 
other nonparenchymal cells, e.g., Kupffer cells.

3.1.3 Primary 
Hepatocyte and Liver- 
Derived Cell Lines 
Spheroids Using 
the Hanging Drop System

Fig. 4 Formation of hepatocyte spheroids cocultured with endothelial cells (HUVECs). (a) Ammonium removal 
rate, (b) albumin secretion rate. Adapted from Okudaira, Tatsuya et al., (2016), J. Bioscience and Bioengineering, 
122, 213
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Methods for formation of 3D spheroids are easily amenable for 
treatment in a 96-well format, ranging from very simple techniques 
to more complex proprietary approaches. In addition to measure-
ment of markers released in the media, the spheroids are also ame-
nable for immunohistochemical staining for cellular markers of 
interest.

3D printing is a process whereby biological materials are printed 
onto 3D scaffolds. Significant strides have been made with the tech-
nology in tissue engineering and medicine [27], including advances 
to print medical devices. The common 3D bioprinting approaches 
are inkjet bioprinting, microextrusion bioprinting, and laser-assisted 
bioprinting [28]. Inkjet bioprinting has been adapted from 2D ink-
jet printing where the ink in cartridges is replaced by biomaterials 
and the paper is replaced by a predefined 3D location. In microex-
trusion bioprinting, the printers extrude biological materials onto a 
substrate using a microextrusion head. As the name suggests, laser-
assisted bioprinting uses laser technology to transfer biological 
material to a substrate. This technology has been applied to develop 
bioprinted 3D liver tissues [29]; the tissues are manufactured with 
the proprietary Novagen® bioprinting technology that uses 
NovoGel® bio inks to print hepatocytes and nonparenchymal cells 
onto inserts of 24-well transwell culture plates using proprietary 
media and matrix. The tissues are fed with hepatocyte media 
(600 μL) and allowed to mature for 3 days in a humidified CO2 
incubator prior to treatment with compounds for durations of at 
least 1 month. The 3D tissues are dense, making them amenable to 
microscopic processing techniques typically used for native liver 
tissues, such as tissue sectioning and staining. The bioprinted livers 
maintain normal hepatocyte function, detected by albumin secre-
tion, and viability for prolonged culture periods of up to 28 days 
(Fig. 5). The 3D bioprinted liver comprised of hepatocytes and 
stellate cells, has been used to model fibrosis with agents such as 
monocrotaline [30] and methotrexate [31], where fibrosis was 
detected by tissue staining for α-smooth actin, a marker for activated 
cells, and was accompanied by release of cytokines. This model 
shows potential for use and application in toxicity testing.

Advances in microfluidic engineering have recently made it possible 
to create miniaturized in vitro cell culture systems, known as organs-
on-chips [32, 33], in which human cells and tissues are subjected to 
fluid flow and mechanical stress in well-controlled microenviron-
ments. These attributes allow cells to flourish and maintain their 
in vivo-like phenotypic properties. Fluidic flow allows for replenish-
ment of nutrients and removal of waste, which enhances cell viabil-
ity and normal functioning of the cells. Collectively, these properties 
seem conducive for hepatocytes to retain their differentiated 
phenotype, i.e., albumin secretion and morphology.

3.2 3D Bioprinted 
Liver

3.3 Liver-on-Chip
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A fluidic-based liver-on-chip microdevice based on a platform 
developed by Nortis (Fig. 6) prepared with primary hepatocytes 
cocultured with endothelial (Eahy.926), differentiated macro-
phages (U397), and stellate (LX-2) cell lines has recently been 
described [34]. Cells remained viable in the microdevice for at 
least 25 days based on lack of release of leakage enzymes; active 
secretion of albumin and urea demonstrated normal functioning of 
hepatocytes. Metabolic competency was confirmed based on for-
mation of oxidative and glucuronide metabolites using probe sub-
strates for CYP3A4 (testosterone), CYP 2C9 (diclofenac), and 
UDP-glucuronyltransferase (phenolphthalein). The model also 
incorporated the use of biosensors [35] for reactive oxygen species, 
mitochondrial functions and hepatic transport inhibition to 
characterize adverse outcome pathways for hepatotoxicants.

Another fluidic-based liver microdevice built based on the 
platform developed at the Wyss Institute [32] has recently been 
reported [36]. This model is composed of an upper chamber 
seeded with primary human hepatocytes sandwiched in a collagen 

Fig. 5 Measurement of tissue ATP and secreted albumin from 3D bioprinted liver tissues over 28 days. Adapted 
from Nguyen, Deborah, G et al. (2016), PLoS ONE, 11, e0158674
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matrix that is separated by a porous membrane from a lower chamber 
containing nonparenchymal cells (Fig. 7). Continuous media 
flow is maintained in both chambers, which enhances hepatocyte 
function and viability.

4 Properties to Consider During Characterization of MPS Liver Models

The 3D microphysiological liver models hold great promise as the 
next generation in vitro models. However, because these models 
are in the early stages of development with limited application in 
drug development, some properties that should be considered 
during their development and characterization to qualify them for 
use in testing compounds. These include (1) showing superiority 
over current standard models, such as traditional 2D hepatocytes, 
(2) identifying the relevant adverse outcome pathways known to 
be perturbed during the development of DILI, e.g., formation of 
reactive oxygen species, perturbation of bile acid homeostasis or 
mitochondrial function, (3) maintenance of normal hepatocyte 

Fig. 6 (a, b) Self-organization of hepatocytes and supporting nonparenchyma cells in liver-on-chip, (c) diagram 
based on confocal image of cells on Day 1 after seeding and (d) on Day 7, showing self-organization. Adapted 
from Vernetti Lawrence, A. et al. (2016), Experimental Biology & Medicine, 241, 101
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physiology and morphology over prolonged periods in culture to 
allow long-term toxicity testing, and (4) maintenance of drug 
metabolizing enzyme activities and hepatic transporter function 
over prolonged periods in culture.

5 Potential Biomarkers to Measure in 3D MPS Liver Models

Because of the liver-like functionality of the 3D MPS liver models 
conventional and novel markers for liver injury, such as transami-
nases (ALT, AST), glutamate dehydrogenase (GLDH), miR122, 
cytokeratin 18, and high mobility group box 1 protein (HMGB1) 
[37] may be incorporated as end points in these models. Systems 
that contain nonparenchymal cells, such as endothelial, Kupffer 
and stellate cells, can be used to characterize compound-medi-
ated changes in innate immune response, and some end points, 
such as cytokines have already been incorporated into the MPS 
models [31].

6 3D MPS Liver Models Context of Use

The specific context of use for which the MPS models can be 
applied will need to be carefully crafted. Some areas where MPS 
models may facilitate decision making during drug discovery and 
development are: (1) candidate drug screening, i.e., MPS models 
could be used to prioritize new candidates prior to toxicity testing 
in animals, (2) human risk assessment, i.e., the MPS models could 
inform on human relevance of liver findings in the case of  conflicted 

Fig. 7 Emulate’s liver-chip model. Image courtesy of Emulate, Inc.
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observations when compounds are tested in multiple species, (3) 
mechanistic studies, i.e., to investigate mechanisms for toxicities 
encountered in nonclinical studies or in the clinic, and (4) predic-
tion of human clearance for compounds that are metabolized 
slowly and have low turnover in human microsomes or 
hepatocytes.
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Chapter 13

Reactive Metabolite Assessment in Drug Discovery 
and Development in Support of Safe Drug Design

Axel Pähler

Abstract

The contribution of chemically reactive metabolites to drug-induced liver injury and other immune- 
mediated serious adverse drug reactions has been acknowledged as an important determinant of drug failure. 
Reasons for individual susceptibilities of patients that result in various forms and severities of adverse drug 
reactions are manifold. They involve factors such as the underlying diseases, individual genotypes of the 
immune system, and drug specific risk factors. Likewise, the characterizing of drug metabolizing pathways 
leading to bioactivation and reactive metabolite formation covalently modifying cellular macromolecules 
alone has been proven unsuccessful in relating bioactivation to adverse drug reactions. The emergence of 
sensitive and specific mass spectrometry methods has led to a myriad of experimental approaches trying to 
establish a causal link between reactive metabolite formation and drug-induced liver injury. Many of these 
failed. The main two reasons are: (1) Methods are overly sensitive or unspecific and flag many drugs that 
show a safe history of use in a large population. (2) Reactive metabolite screening methods are too generic 
and fail to detect drug-specific bioactivation pathways requiring alternative experimental approaches. As a 
consequence, testing paradigms that integrate knowledge of bioactivation pathways based on chemical 
structures (structural alerts), chemotype-specific experimental tools for reactive metabolite characterization, 
and the quantitative assessment of bioactivation pathways relative to “safe” metabolism and dose have 
emerged. Such strategies that characterize bioactivation potentials in the context of drug metabolism, phar-
macokinetic properties, clinical dose and additional risk factors have been proposed and successfully applied 
across the pharmaceutical industry. Case studies and examples for successful risk assessment strategies and 
general principles to guide safe drug design are discussed in this chapter.

Key words Reactive metabolites, Screening methods, Bioactivation, Idiosyncratic drug reaction, 
DILI, Preclinical drug optimization, Risk assessment

1 Introduction

The contribution of chemically reactive metabolites to drug- 
induced liver injury and other immune-mediated serious adverse 
drug reactions has been discussed in other chapters of this book. 
The bioactivation of drugs to reactive metabolites generally does 
not exert any biological advantage unless specifically designed for 
irreversible target inhibition [1, 2]. Excessive bioactivation is an 
unwanted drug property as cumulative evidence suggests that 
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reactive metabolites play a causal role in several forms of drug-
induced toxicities. Strategies have been implemented across the 
pharmaceutical industry aiming at the minimization of drug bioac-
tivation potentials [3–8].

The characterization of the risk of drug candidates to form 
reactive metabolites requires an understanding of underlying bio-
activation pathways. These need to be rationalized for individual 
drugs based on structural motifs involved in these processes. In 
this chapter, experimental methods are described that help charac-
terize drug bioactivation pathways by identification of chemical 
interactions between drug metabolites and cellular macromole-
cules. Trapping studies with low molecular weight nucleophiles 
serve as surrogate markers that help qualitatively describe poten-
tially adverse drug metabolism features. Further, quantitative 
methods that relate these drug bioactivation potentials to the 
potential risk for adverse events are discussed within the context of 
the overall pharmacokinetic profile of the drug. As is becomes evi-
dent from Table 1, the majority of marketed drugs do not form 
appreciable amounts of reactive metabolites. Still, some of the 
drugs for which reactive metabolites are detected, are considered 
safe. The extent of reactive metabolite formation relative to the 
metabolic clearance and daily dose has been proven important 
determinants of the risk associated with reactive metabolite forma-
tion. Those drugs that are tested positive for bioactivation and that 
are characterized by occurrence of drug-induced liver injury 
(DILI) share a high dose compared to those drugs that appear to 
be safe despite some reactive metabolite formation in vitro. 
Ultimately, an integrated risk assessment approach that highlights 
our current understanding of reactive metabolite formation in the 
context of adverse drug reactions is presented that supports strate-
gies and methodologies for the rational design of safer drugs based 
on acquired structure activity relationships.

2 Methods

Preclinical tools for the assessment of metabolism with regard to 
reactive intermediate formation are applied in most pharmaceuti-
cal companies. This systematic process might also help establish 
structure activity relationships at least for local systems and allows 
medicinal chemists to find compounds with improved reactive 
metabolite formation. For a few specific chemical moieties a suc-
cessful prediction of reactive metabolite formation and adverse 
drug reactions exists. For example for certain classes of arylamines 
and nitrobenzenes the metabolism-dependent bioactivation 
toward DNA reactive intermediates leading to tumorigenicity has 
been established by computer modeling of activation potentials 
dependent on substitution pattern. Apart from these few case 

2.1 Predicting 
Bioactivation 
Via Structural Alerts
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examples, the most commonly used approach to identify bioacti-
vation liabilities would include the recognition of structural alerts 
associated with reactive metabolites formation. This approach 
builds on the expertise of medicinal chemists and drug metabolism 

Table 1 
The majority of marketed drugs test negative for GSH adducts in a calibrated screening assay for 
reactive metabolites

Drug tested 
positivefor GSH 
adducts (19/66)

Daily 
dose 
(mg)

DILI 
risk Comment

Drugs tested negativefor GSH adducts 
(47/66)

Atropine 1–3 No Alprazolam, amantadine, amitriptyline, 
amlodipine, aripiprazole, atrovastatin, 
baclofen, buspirone,captopril, cilazapril, 
citalopram, dextromethorphan, diazepam, 
diltiazem, diphenhydramine, donepezil, 
enalapril, fenofibrate, fluoxetine, 
furosemide, gabapentin, gemfibrozil, 
glibenclamide, lisinopril, lorazepam, 
memantine, metformin, moclobemide, 
paroxetine, pentobarbital, phenytoin, 
pindolol, prazosin, probucol, quetiapine, 
ranitine, rimonabant, risperidone, 
sertraline, simvastatin, sitagliptin, 
sumatriptan, valsartan, venlafaxine, 
verapamil, warfarin, zolpidem

Carbamazepine 400–
1500

Yes

Carvedilol 12–25 No

Chlorpromazine 75–500 No Isolated case 
reports for DILI

Clozapine 200–
450

Yes Black box warning 
for 
agranulocytosis

Desipramine 50–150 No

Diclofenac 100–
150

Yes DILI at high doses

Duloxetine 20 No

Ezetimibe 10 No

Haloperidol 5–10 No

Imipramine 50–150 No

Nefazodone 400 Yes Withdrawn

Nifedipine 15–60 No

Olanzapine 5–20 No

Propanolol 40–80 No

Pioglitazone 15–45 No Isolated case 
reports for DILI

Rosiglitazone 4–16 No

Tienilic acid 200–
600

Yes Withdrawn

Troglitazone 400 Yes Withdrawn

A positive test for reactive metabolites alone does not determine DILI outcome. GSH adduct formation in context of 
a high daily dose (>100 mg) appears to be a high risk for drugs to develop DILI
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scientists to prioritize compounds for testing in appropriate 
in vitro tools. Currently available systems such as DEREK and 
METEOR (Lhasa Ltd.) are available to predict chemistry-associ-
ated toxicities and metabolism processes. Most software packages 
(e.g., METEOR, MetabolExpert, and MetaSite) correctly predict 
many metabolites that are also detected experimentally; however, 
a relatively high incidence of false positive and false negative 
predictions of metabolites is still common to most computerized 
systems [9, 10].

Extensive literature reviews have been published that link 
structural motifs to drug bioactivation [1, 11–17]. Although gen-
eral rules can be derived that link common functional groups with 
frequent cases of reactive metabolite formation, a strategy avoiding 
such motifs from drug design appears impractical. The sole pres-
ence of a substructure in a new chemical entity known to be 
metabolized to electrophiles does not automatically result in reac-
tive metabolite formation in a newly synthesized drug molecule. 
Thiophenes may undergo formation of reactive S-oxides under 
certain conditions such as in tienilic acid resulting in time depen-
dent P450 inactivation and formation of covalently modified pro-
teins. A general avoidance of thiophenes would not account for the 
fact that thiophenes in certain chemical environments are very safe 
and devoid of bioactivation [18, 19]. Other examples comparing 
structural motifs associated with extensive reactive metabolite for-
mation are listed in Table 2. It is worthwhile to note that most of 
these toxic drugs that have shown to extensively form reactive 
metabolites can be contrasted with newer generation of drugs that 
share the same structural motif. In contrast to their hepatotoxic 
analogs, these safe drugs show little or no evidence for reactive 
metabolite formation, however. This may be due to the fact that 
their chemical substitution pattern has been optimized by medici-
nal chemists to maintain pharmacological activity and selectivity. 
Likewise, structural modifications have rendered these molecules 
in a way that metabolic transformations have shifted from the orig-
inal “toxicophore” to benign metabolic soft spots. Based on these 
reasons a general avoidance of structural motifs known to undergo 
bioactivation in drug design appears not to be rational.

To acknowledge the fact that general trends linking structural 
motifs and bioactivation exist, the expert knowledge of drug metabo-
lism scientists, medicinal chemists and computerized expert systems 
should be used to prioritize compounds for testing in experiment 
tools to investigate bioactivation liabilities. Most of the existing appli-
cations add value to the identification of the probable sites of metab-
olism especially when linked to experimental data. Thus in the hand 
of the drug metabolism expert these software packages have a certain 
value in guiding the investigators to  experimental approaches for the 
identification of drug metabolites including bioactivation products 
such as glutathione adducts [20, 21]. A general “ban” of functional 
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groups or substituents known to be associated with bioactivation 
does not appear to be practical or justified. Minor chemical modifica-
tions in drug design may significantly alter physiochemical properties 
of new drug candidates and render them more stable toward bioacti-
vation. Therefore the cautious use of chemical motifs commonly 
associated with bioactivation still should be permitted in chemical 
series, especially when a substitution strategy does nor proof success-
ful without loss of pharmacological activity or off target selectivity. 
These new drug candidates then can be further profiled in experi-
mental tools for the characterization of bioactivation potentials in 
order to ensure that they do not have a bioactivation potential that 
may result in excessive reactive metabolite formation. Strategies 
addressing these adverse properties relative to their general pharma-
cokinetic profile and human dose are described in this chapter.

Numerous methods exist that enable characterization of the bioacti-
vation potential of new drug molecules. These span from simple 
high throughput electrophile trapping studies with model nucleo-
philes that allow for the screening of entire chemical libraries to 
complex, resource-demanding in vivo studies to quantitate metabo-
lites or altered proteins as a consequence of reactive metabolite for-
mation. Each of these assays has their utility and justification 
depending on the stage in the drug discovery and development pro-
cess they are applied to. Additionally, the assessment of  irreversibly 
bound drug to hepatic proteins (covalent binding of radiolabeled 
drug) can quantify the extent of bioactivation processes relative to 
drug clearance. The extent of covalent binding relative to the drug’s 

2.2 Experimental 
Methods 
for the Detection 
of Reactive 
Metabolites

Table 2 
Structural alerts may guide testing of drug candidates in reactive metabolite screening tools

Structural alert Hepatotoxic drug Safe analog Major differentiation

Imidazo pyridine Alpidem Zolpidem Safe metabolic soft spot introduced

Carboxylate Ibufenac Ibuprofen Stability of acyl glucuronide

Aniline Acetaminophen Phenacetin Lower rate of iminoquinone 
formation

Thiazolidinedione Troglitazone Rosiglitazone Additional activation pathway for 
troglitazone; low dose for 
rosiglitazone

Thiophene Tienilic acid, 
ticlopidine

2-Aminothiophenes Blocked metabolic activation

2,4-Diaminothiophenes

Definition of toxicophores and exclusion of alerting structures from drug design appears not a valid option. Minor 
chemical modifications can render hepatotoxic drugs safe without losing target affinity or selectivity
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clearance pathways via benign biotransformation pathways aids 
selection of low-dose clinical candidates with acceptable bioactiva-
tion potential. Such candidates are expected to have a higher likeli-
hood to succeed throughout the development processes resulting in 
safer drugs on the market.

Importantly, all of these methods have major limitations if 
applied in isolation for compound progression decisions. None of 
these assays is predictive for manifestation of toxicity in absence of 
additional drug characterization as it relates to dose, drug disposi-
tion and clearance as well as off target effects. Therefore, an inte-
grated risk assessment strategy is considered critically important 
where reactive metabolite screening and characterization strategies 
should be successfully applied in today’s competitive drug discovery 
and development setting.

In many pharmaceutical companies, optimization strategies in 
drug discovery focus on candidate drug design with minimized 
chemical liabilities for reactive metabolite formation. With the initial 
avoidance of excessive bioactivation potentials, further downstream 
consequences of reactive metabolites, such as covalent binding, 
detoxification pathways and involved variability in those processes 
do not need to be further considered. This approach relies on the 
rational design of drug molecules based on the underlying knowl-
edge of the molecular features associated with bioactivation. Many 
cases of successful drug optimization have been described in litera-
ture that led to the generation of safe drugs with regard to bioactiva-
tion while maintenance of drug potency and favorable ADME (i.e., 
absorption, distribution, metabolism, and excretion) characteristics 
was achieved or even improved. The primary tools to assess the 
potential of reactive metabolite formation by hepatic bioactivation 
rely on reactive metabolite trapping with model electrophiles such as 
glutathione (GSH). Besides GSH adduct formation, other model 
nucleophiles that react with electrophilic metabolites can be 
employed. In some instances the formed reactive metabolite (elec-
trophile) is highly reactive and cannot escape from the active site of 
the enzyme that catalyzed its formation. In such circumstances, 
direct modification of the enzyme may lead to metabolism-depen-
dent (suicide) inactivation of the enzyme such as cytochrome P450. 
Thus, specific assays characterizing the potential of drug candidates 
to cause mechanism- dependent inactivation of P450 enzyme com-
plement electrophilic trapping experiment and are considered as 
orthogonal approach to assess bioactivation liabilities [22–24].

For chemical scaffolds with reactive metabolite issues, the 
GSH trapping assay is typically used to develop structure–activity 
relationships by cycles of design, synthesis, testing, and redesign. 
The aim is a chemical modification of the compound that elimi-
nates reactive metabolite formation, while maintaining potency, 
target specificity and favorable ADME properties. This can 
either be achieved by replacing the functional group involved in 
bioactivation, by modifying its reactivity via electron withdrawing 
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substituents or by directing metabolism to a different metabolic 
soft spot [25]. Examples are described in an excellent review by 
Kalgutkar and Dalvie from the Pfizer group [11]. GSH adduct 
screening guides identification of low risk compounds, bearing in 
mind that the absence of GSH adducts formation does not com-
pletely safeguard against covalent binding. Conversely, a positive 
GSH signal should not be regarded as exclusion criteria for prom-
ising molecules. The risk–benefit assessment also takes into 
account the clinical indication and other treatment- and patient-
related factors like the therapeutic dose, the duration and scheme 
of treatment (e.g., chronic versus acute), the target population, 
unmet medical needs, and the competitive landscape.

Many pharmaceutical companies therefore aim to minimize the 
potential for reactive metabolite formation in early phases of drug 
discovery by chemical modification and appropriate candidate 
selection. In conjunction the selection of highly potent and selective 
drugs with favorable pharmacokinetic properties ensures that pre-
dominantly low-dose candidate drugs devoid of excessive reactive 
metabolite formation progress into development. This process is 
facilitated in the discovery phase by the detection of stable trapping 
products of electrophilic intermediates with nucleophilic trapping 
reagents such as glutathione or cyanide in vitro in order to guide 
rational structure based drug design.

The tripeptide glutathione in Fig. 1 is the most frequently 
used nucleophile employed in electrophile trapping experiments. 

2.2.1 Electrophile 
Trapping Experiments
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Fig. 1 Structures of nucleophilic reagents used in reactive metabolite trapping studies
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Several specific mass spectrometry based methods employing 
liquid- chromatography separation methods and specific mass 
spectrometric workflows have been published [4, 20, 26–30]. 
Detection and characterization of glutathione adducts take advan-
tage of the specific fragmentation behavior of the peptide moiety 
of GSH adducts and are largely independent of the conjugate 
itself (Fig. 2). Initially triple quadrupole mass spectrometry tech-
nology was run in constant neutral loss scanning mode using the 
loss of the pyroglutamic acid moiety (neutral loss of 129 Da) in 
positive ionization mode. This approach, however, showed poor 
selectivity and in particular interference of the neutral loss of 
129 Da (nominal mass based) with matrix components impacted 
the use in more complex biological samples. Due to the fact that 
glutathione possesses two  carboxylate group that are prone to 
proton abstraction and detection in negative ion mode, substan-
tial differences in mass spectrometric response exist across differ-
ent glutathione adducts and largely rely on the ionization efficiency 
of the bound metabolite. Various attempts have been made to 
overcome these differences in ionization efficiency and interfer-
ences with endogenous GSH adducts. Various derivatives of glu-
tathione have found application as trapping agents such as 
glutathione ethyl-ester which is more lipophilic than endogenous 
glutathione. The resulting glutathione ethyl ester derivatives sepa-
rate more efficiently in liquid  chromatographic separation from 
endogenous glutathione  conjugates and are less prone to proton 
abstraction [31]. Alternatively, a quaternary ammonium conju-
gate has been employed as trapping reagent, rendering peak 
response factors more homogenous across different groups of 
glutathione adducts [32].

Metabolite

CO2H

HO2C

S

O
O

NH2

NH

H
N

Negative ion mode:
[GSH-H2S-H]-
Fragment ion at m/z 272

Positive ion mode:
[M-Glu-H]+
Neutral Loss
of 129 Da

Fig. 2 Structure of metabolite–glutathione adduct and major fragmentation 
pathways in positive and negative ionization mass spectrometry
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The use of precursor ion scanning of m/z 272 in negative 
mode—also using triple quadrupole technology—was an improve-
ment with regard to selectivity and is widely used as a robust alter-
native for the detection of known as well as unknown GSH adducts 
in biological matrices [33]. This generic scanning method was in 
particular of value if employed as a survey scan triggering enhanced 
resolution and enhanced product ion spectra acquisition on the 
precursor mass of interest in the same analytical run. The main 
disadvantage of the negative ionization detection and mass spectral 
characterization is, however, that the spectra obtained by collision 
induced dissociation of the [M−H]− ions of GSH adducts have 
limited information for structural characterization. This is due to 
the fact that the generated fragment ions are predominantly origi-
nating from the glutathionyl moiety of the tripeptide and are not 
informative on the structure of the entire conjugate [34]. In more 
recent years with the availably of high resolution and accurate mass 
instruments, the analytical GSH adduct identification was further 
improved and complemented with software tools for post- 
acquisition data analysis. In addition to the identification of GSH 
trapped reactive metabolites, the acquisition of accurate mass full scan 
and fragment ion spectra allows for the generation of empirical 
formulae of the adduct of concern. This enables the drug metabo-
lism scientist to build an understanding of the biotransformation 
pathways yielding to adduct formation as well as for the interpreta-
tion of the site of adduction in the parent drug molecule based on 
interpretation of accurate mass MS/MS spectra.

Iminium ions and other hard electrophiles cannot be detected 
via trapping with thiol-containing nucleophiles such as glutathione 
or cysteine. Potassium cyanide has been used as a trapping reagent 
for the detection of for example iminium ions formed from alicylic 
amines such as in nefazodone or clozapine [35]. Cyanide adducts 
are readily detected by mass spectrometry based methods these 
but have been prone to false positive results [36]. Therefore many 
laboratories have established a method using 14C-labeled cyanide 
for the quantitative determination of incorporated cyanide into the 
reaction product with the metabolically formed electrophile [37].

One class of reactive metabolites not covered by microsomal 
incubations is acyl glucuronide formation from carboxylic acid 
drugs. Commonly liver microsomal preparations fortified with 
 uridine 5′-diphosphoglucuronic acid afford acyl glucuronide 
formation when incubated with the drug candidate under investi-
gation. Reactivity and safety of carboxylic acid drugs that undergo 
glucuronidation is determined by the extend Acyl migration and 
acylation of proteins. This reactivity appears to be directly associ-
ated with clinical adverse effects (Fig. 3). The reactivity of acyl 
glucuronides can be assessed in the presence of proteins and is 
directly linked to their toxic effect [38, 39].
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Many of the electrophile trapping experiments described in this 
section provide useful structural information about the nature of 
the adduct formed. Mass spectrometry based data evaluation allows 
for the characterization of bioactivation pathways leading to reac-
tive metabolite formation and provide a rational approach to drug 
design. However, most of these methods lack quantitative informa-
tion and provide a binary answer only. Several attempts have been 
made to generate quantitative reactive metabolite trapping data 
employing either 35S-labeled glutathione or the fluorescent deriva-
tive dansyl glutathione [40, 41]. Reasonable correlations can be 
obtained between quantitative trapping experiments and true quan-
titative covalent binding studies measuring covalently modified 
protein. However these mostly hold true within a narrow chemical 
space where the chemistry of reactive metabolite formation follows 
a similar metabolic pathway and can rarely be generalized.

Mechanism-based cytochrome P450 inactivation typically involves 
metabolism-dependent activation of a drug to form a chemically 
reactive intermediate. In case this electrophile is stable enough to 
escape from the active site of the enzyme it may react with proteins 
or other cellular nucleophiles potentially causing toxic insults. These 
types of electrophiles can also be investigated by electrophile trapping 
experiments as outlined in Sect. 2.2.1. Electrophilic intermediates 
that are highly reactive may also directly covalently modify an active 
site amino acid residue in the active site of cytochrome P450 itself. 
Covalent modification of P450 enzymes can also lead to a neoantigen 
formation and can trigger an autoimmune response as one underly-
ing mechanism in DILI. Additionally, irreversible P450 inhibition 
may result in nonmanageable drug–drug interactions as the inacti-
vated P450 enzyme needs to be replaced by resynthesis. As for reac-
tive metabolite trapping experiments, mechanism- based P450 
inactivation is typically assessed in pharmaceutical industry by well-
established screening methods [24, 42]. These methods determine 
the nonreversible inhibition of P450 enzymes upon metabolism of a 
drug candidate. As opposed to a competitive inhibition assay, the 
mechanism-based inactivation assay is a two-step assay in which the 
drug of interest is preincubated with a source of P450 enzymes such 

2.2.2 Mechanism Based 
Inhibition of Cytochrome 
P450 Enzymes
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Fig. 3 Structures of hepatotoxic and safe carboxylic acid drugs
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as human liver microsomes. It is important to mention that at various 
time points of preincubation the test sample is then diluted to remove 
any competitive (reversible) inhibitor and tested for enzyme activity. 
As a result of these experiments and apparent shift in sensitivity toward 
the P450 inhibition is observed over time due to time-dependent 
inactivation of the enzyme. The rate of inactivation determined from 
these experiments serves as a readout to judge the extent of enzyme 
inactivation (Fig. 4).

Several groups including Nakayama et al. [5] have demonstrated 
that the time (or mechanism)-dependent inhibition assay is comple-
mentary tool to the GSH trapping assay in detecting reactive metab-
olite formation. Generally there is a tendency that compounds tested 
positive for time-dependent P450 inactivation also show a high 
degree of covalent binding. These compounds show covalent pro-
tein modification irrespective of the result of the GSH trapping assay. 
Thus a combination of GSH trapping studies and mechanism-based 
P450 inactivation appears to provide a comprehensive screening 
paradigm to identify covalent binding potential of drugs.

The most direct correlation between reactive metabolite formation 
and DILI appears to the extent of covalent binding to human hepatic 
proteins. Covalent protein modification can have direct functional 
consequences, for example cytochrome P450 time- dependent inac-
tivation if the reactive metabolite directly modifies the active site of 
the enzyme that catalyzes its formation. Originally, the  determination 
of covalent binding properties of radiolabeled drug candidates was 
descried by the group at Merck. Evans et al. [3] had established an 
experimental protocol where human liver microsomes as enzyme 
source for metabolism were incubated with the radiolabeled drug 

2.2.3 Covalent Binding 
Studies
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candidate and cofactors for oxidative metabolism. After quenching 
of the incubation with organic solvent, the protein pellet was exten-
sively washed to remove nonirreversibly bound background radioac-
tivity. Figure 5 depicts a modern variation of the original setup that 
can accommodate various control conditions to assess time-depen-
dency of the binding, correct for nonspecific and nonenzymatic 
binding. In addition the covalently modified protein pellet can be 
analyzed separately from the incubation supernatant that contains 
metabolites and potential GSH adducts.

Great attention has been given to the correlation of covalent 
binding properties and clinical DILI outcomes since the original 
work by Evans et al. [3]. A lack of correlation between covalent bind-
ing data to rat liver in vitro or in vivo and the manifestation of hepa-
totoxicity in rat toxicology studies appears discouraging [2]. Different 
groups have expanded on the original data set and demonstrated that 
metabolism-dependent covalent binding alone cannot categorize a 
drug’s potential to cause DILI in vivo [43–45]. However the group 
at Daichi-Sankyo has demonstrated that covalent binding properties, 
when corrected by the human dose of a drug, can classify drugs based 
on their potential to induce DILI [44]. Nakayama et al. and others 
have employed covalent binding assessment in human primary 
human hepatocytes as a refined tool to establish this correlation 
(Fig. 6). The balance between activating and detoxifying enzymes in 
human hepatocytes appears to be a more predictive tool than human 

Incubate radiolabeled drug with
Microsomes or hepatocytes

Incubate 0 min and 30 min (180 min for hepatocytes)
to determine time dependency and initial binding
± 1 mM NADPH (enzyme-mediated covalent binding versus non-enzymatic binding)
± 1 mM GSH (indicates extent of reactive metabolite trapping )

Transfer to filter plate
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Contains metabolites
Measure metabolite profiles
or GSH adducts by LC-MS/MS
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1) Precipitate protein
2) Centrifuge
3) Extensive washing
4) Solubilize Protein
5) Determine protein content 
and radioactivity
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Fig. 5 Experimental setup and workflow for the determination of covalent binding (CVB) properties of radiola-
beled drugs to liver microsomes or hepatocytes
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liver microsomes that typically lack Phase 2 enzyme activity when 
incubated under standard NADPH conditions.

The association of daily dose, the formation of reactive metabo-
lites and physicochemical properties such as log P has been investi-
gated for a large set of Food and Drug Administration-approved 
oral medications. Based on these parameters of n = 354 drugs, an 
algorithm to define a clinical DILI risk was developed. When 
applied to an independent dataset of n = 159 clinical cases collected 
from the National Institutes of Health’s LiverTox database, the 
DILI score correlated with the severity of clinical outcome [46].

Considering the fact that the human body burden for reactive 
metabolites is characterized by the amount of drug that is hepatically 
available after absorption, this correlation can be further refined. 
This analysis correlates the daily liver load (daily dose of reactive 
metabolites corrected for the fraction of the drug absorbed and first 
pass extraction) instead of daily dose against the covalent binding 
properties in human hepatocytes. Figure 6 shows a clear separation 
of high risk DILI drugs from safe drugs when applying this more 
physiological concept.

An integrated reactive metabolite testing strategy should acknowl-
edge the scope and limitations of the individual assays used at 
different stages of drug discovery or development. Schadt et al. 
from Roche [47] have reported the correlation between a  reactive 
metabolite trapping assay with GSH and the quantitative covalent 
binding outcome (Table 3). In this correlation the association 
between GSH adduct formation with significant covalent binding 
in human liver microsomes (>3-fold background and >30 pmol/
mg protein) has been analyzed for 136 compounds, including 
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Roche compounds studied in both assays over the last 10 years 
and commercially available reference compounds with a known 
history of DILI. In the calibrated trapping assay GSH adduct 
signals were called “positive” if they exceeded the signal intensity 
of reference drugs for which GSH adduct formation correlates 
with significant CVB. Table 3 shows that of all drugs, 78 did not 
show flags in either the GSH or the covalent binding assay (57%) 
and 37 (27%) showed flags in both the GSH and the covalent 
binding assay. A low number of compounds flag in the GSH 
adduct assay but not in the covalent binding assay (6, 5%) and 
would be considered false negative results with regard to the pre-
diction of high covalent binding. Likewise some compounds that 
do not flag in the GSH adduct assay exhibit significant covalent 
binding (15, 11%) and are considered false negative. Fortunately 
false positive correlations are rare. For compounds that do not 
flag in the GSH adduct assay but still show significant covalent 
binding to microsomal protein, several explanations can be con-
sidered. For example such molecules may undergo iminium ion 
formation that escape trapping with GSH but would have been 
picked up with potassium cyanide as trapping reagent. Likewise 
the initially formed reactive intermediate may be so reactive that 
it cannot escape form the enzyme during its formation. As a con-
sequence time dependent inactivation of cytochrome P450 may 
occur as outlined in Sect. 2.2.2. One of the cases is Ritonavir, a 
time dependent suicide inhibitor of Cyp3A4 showing no GSH 
adducts but significant covalent binding, which is due to binding 
to the heme iron rather than to protein [5].

Covalent binding assessment to human hepatic proteins with 
radiolabeled drug substance can occur only relatively late in drug 
development due to the late availability of costly radiolabeled 
material. At this point in development, often preclinical safety 
studies have already been conducted and the value of conducting 
reactive metabolite characterization late in development is a matter 
of scientific debate. Data from those companies that pioneered in 
the systematic assessment of covalent binding properties in context 

Table 3 
Correlation of reactive metabolite trapping (GSH adducts) with significant 
covalent binding in human liver microsomes for n = 136 radiolabeled drug 
candidates including various marketed or withdrawn reference drugs

HLM, n = 136 CVB positive CVB negative

GSH adducts 27% (37) 5% (6)

No GSH adducts 11% (15) 57% (78)
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of safety demonstrate that a general correlation between reactive 
metabolite formation in vitro or in vivo and manifestation of liver 
toxicity in preclinical animal studies does not exist. A comprehen-
sive dataset on ~100 Merck drug candidates indicated that there 
was no correlation between incidence of liver toxicity observed 
in vivo in preclinical safety studies and level of covalent [2]. 
Acknowledging the fact excessive GSH adduct formation positively 
correlates with high in vitro covalent binding, we were interested 
to evaluate a reduced set of parameters for a correlation with 
human DILI outcome.

We classified the set of n = 54 compounds previously analyzed 
by Nakayama et al. [40] based on their human dose (≥100 mg or 
<100 mg) and their potential to form GSH adducts with the devel-
opment of clinical DILI. The sensitivity of the assay conditions was 
78% suggesting that 4 out of 18 DILI drugs were not correctly 
classified (Table 4, bottom), all of them being high dose drugs, for 
example ritonavir which forms reactive metabolites which directly 
bind to the active side of the involved enzyme. Thirteeen of the 36 
low-risk drugs possess the potential to form reactive metabolites. 
One of these drugs is gemfibrozil whose DILI classification may 
have to be reviewed. The other compounds were low-dose drugs 
with an average dose of 36 mg per day. Based on these findings the 
daily dose was integrated as secondary criteria for risk assessment 
via GSH trapping. Applying this definition for the 54 safe and high 
risk drugs resulted in a vast improvement of prediction power 
(Table 4). With only four false negative and two false positive 
results (8% false classifications) a sensitivity of 78% and a specificity 
of 92% for this classification was achieved. Drugs with lack of GSH 
adduct formation or drugs with GSH adduct formation but daily 
doses less than 100 mg generally have a low DILI risk.

Table 4 
Correlation of reactive metabolite trapping (GSH adducts) and daily 
clinical dose (greater than 100 mg) with risk for clinical DILI for n = 54 
marketed or withdrawn reference drugs

Risk for DILI

n = 54 High Low

GSH adducts and dose >100 mg Yes 14 2

No 4 34

Drugs with lack of GSH adduct formation or drugs with GSH adduct formation but 
daily doses less than 100 mg generally have a low DILI risk
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3 Conclusions and Future Directions

Proteomics approached for the identification of target proteins of 
chemically reactive intermediates as neoantigens triggering immune 
response have been proposed to bridge between reactive metabolite 
assessment and biological response [48–51]. An online resource on 
protein targets of reactive metabolites has been created by the Hanzlik 
group at University of Kansas [52, 53]. Chemoproteomics combined 
with bioinformatics approaches increase the understanding of xenobi-
otic posttranslational modification of proteins that might disrupt 
important protein–protein interactions. Functional consequences may 
force cells from homeostasis into cell death pathways and have conse-
quences beyond covalent binding and antigen presentation [54].

With the advances in genome wide sequencing and the under-
standing of T-cell activation in immune response, several risk factors 
for idiosyncratic DILI have been identified. These range from direct 
drug antigenicity and T-cell activation [55] to drug immunogenic-
ity reactions involving complement systems such as acquired immu-
nity via drug-inflammation reactions. Interindividual susceptibility 
to idiosyncratic DILI involves various genetic variations in HLA 
alleles that have been associated with and increased risk for 
DILI. The conservation of these risk alleles across several com-
pounds holds a promise for future risk mitigation strategies [56].

The management of reactive metabolites remains a challenge in 
drug discovery and is under constant debate. Consensus exists for 
the observation that there is a strong association between reactive 
metabolite formation and the manifestation of DILI. We therefore 
assume that avoiding reactive metabolites is the best option to 
reduce DILI even though the mechanistic causality between reac-
tive metabolites and risk for DILI remains elusive. Rather than 
using reactive metabolite findings as isolated  discontinuation cri-
teria, the overall pharmacokinetic and pharmacodynamics profile 
of a new molecular entity needs to be considered to allow for a 
holistic risk–benefit assessment. Such candidates with a favorable 
dose and efficacy index have an intrinsic higher likelihood to 
succeed throughout the development processes leading to safer 
drugs for patients.

References

 1. Stepan AF et al (2011) Structural alert/reac-
tive metabolite concept as applied in medicinal 
chemistry to mitigate the risk of idiosyncratic 
drug toxicity: a perspective based on the criti-
cal examination of trends in the top 200 drugs 
marketed in the United States. Chem Res 
Toxicol 24(9):1345–1410

 2. Park BK et al (2011) Managing the challenge of 
chemically reactive metabolites in drug devel-
opment. Nat Rev Drug Discov 10(4):292–306

 3. Evans DC et al (2004) Drug-protein adducts: an 
industry perspective on minimizing the poten-
tial for drug bioactivation in drug  discovery and 
development. Chem Res Toxicol 17(1):3–16

Axel Pähler

minjun.chen@fda.hhs.gov



279

 4. Ma L et al (2008) Rapid screening of 
glutathione- trapped reactive metabolites by 
linear ion trap mass spectrometry with iso-
tope pattern-dependent scanning and post-
acquisition data mining. Chem Res Toxicol 
21(7):1477–1483

 5. Nakayama S et al (2011) Combination of 
GSH trapping and time-dependent inhibition 
assays as a predictive method of drugs gener-
ating highly reactive metabolites. Drug Metab 
Dispos 39(7):1247–1254

 6. Sakatis MZ et al (2012) Preclinical strategy 
to reduce clinical hepatotoxicity using in vitro 
bioactivation data for >200 compounds. Chem 
Res Toxicol 25(10):2067–2082

 7. Thompson RA et al (2012) In vitro approach 
to assess the potential for risk of idiosyncratic 
adverse reactions caused by candidate drugs. 
Chem Res Toxicol 25:1616–1632

 8. Brink A et al (2017) Minimizing the risk of 
chemically reactive metabolite formation of new 
drug candidates: implications for preclinical drug 
design. Drug Discov Today 22(5):751–756

 9. Caldwell GW, Yan Z (2006) Screening for 
reactive intermediates and toxicity assessment 
in drug discovery. Curr Opin Drug Discov 
Devel 9(1):47–60

 10. Muster W et al (2008) Computational toxicol-
ogy in drug development. Drug Discov Today 
13(7–8):303–310

 11. Dalvie D, Kalgutkar AS, Chen W (2015) 
Practical approaches to resolving reactive 
metabolite liabilities in early discovery. Drug 
Metab Rev 47(1):56–70

 12. Kalgutkar AS (2008) Role of bioactivation in 
idiosyncratic drug toxicity: structure–toxicity 
relationship. In: Elfarra AA (ed) Advances in 
bioactivation research. American Association of 
Pharmaceutical Scientists, Arlington, VA, p 440

 13. Kalgutkar AS (2011) Handling reactive metab-
olite positives in drug discovery: what has ret-
rospective structure-toxicity analyses taught 
us? Chem Biol Interact 192(1–2):46–55

 14. Kalgutkar AS (2015) Should the incorpora-
tion of structural alerts be restricted in drug 
design? An analysis of structure-toxicity trends 
with aniline-based drugs. Curr Med Chem 
22(4):438–464

 15. Kalgutkar AS et al (2008) Toxicophores, reac-
tive metabolites and drug safety: when is it a 
cause for concern? Expert Rev Clin Pharmacol 
1(4):515–531

 16. Kalgutkar AS et al (2005) A comprehensive list-
ing of bioactivation pathways of organic func-
tional groups. Curr Drug Metab 6(3):161–225

 17. Walgren JL, Mitchell MD, Thompson DC 
(2005) Role of metabolism in drug-induced 

idiosyncratic hepatotoxicity. Crit Rev Toxicol 
35(4):325–361

 18. Gramec D, Peterlin Masic L, Sollner Dolenc M 
(2014) Bioactivation potential of thiophene- 
containing drugs. Chem Res Toxicol 
27(8):1344–1358

 19. Lecoeur S et al (1994) Specificity of in vitro 
covalent binding of tienilic acid metabolites to 
human liver microsomes in relationship to the 
type of hepatotoxicity: comparison with two 
directly hepatotoxic drugs. Chem Res Toxicol 
7(3):434–442

 20. Brink A et al (2014) Post-acquisition analysis 
of untargeted accurate mass quadrupole time- 
of- flight MS(E) data for multiple collision- 
induced neutral losses and fragment ions of 
glutathione conjugates. Rapid Commun Mass 
Spectrom 28(24):2695–2703

 21. Pahler A, Brink A (2013) Software aided 
approaches to structure-based metabolite iden-
tification in drug discovery and development. 
Drug Discov Today Technol 10(1):e207–e217

 22. Feng S, He X (2013) Mechanism-based 
inhibition of CYP450: an indicator of drug- 
induced hepatotoxicity. Curr Drug Metab 
14(9):921–945

 23. Kalgutkar AS, Obach RS, Maurer TS (2007) 
Mechanism-based inactivation of cyto-
chrome P450 enzymes: chemical mechanisms, 
structure- activity relationships and relationship 
to clinical drug-drug interactions and drug 
reactions. Curr Drug Metab 8(5):407–447

 24. Orr ST et al (2012) Mechanism-based inacti-
vation (MBI) of cytochrome P450 enzymes: 
structure-activity relationships and discovery 
strategies to mitigate drug-drug interaction 
risks. J Med Chem 55(11):4896–4933

 25. Argikar UA, Mangold JB, Harriman SP (2011) 
Strategies and chemical design approaches to 
reduce the potential for formation of reac-
tive metabolic species. Curr Top Med Chem 
11(4):419–449

 26. Baillie TA, Davis MR (1993) Mass spectrom-
etry in the analysis of glutathione conjugates. 
Biol Mass Spectrom 22(6):319–325

 27. Baillie TA et al (1989) The use of mass spectrom-
etry in the study of chemically- reactive drug 
metabolites. Application of MS/MS and LC/
MS to the analysis of glutathione- and related 
S-linked conjugates of N-methylformamide. 
J Pharm Biomed Anal 7(12):1351–1360

 28. Castro-Perez J et al (2005) A high- throughput 
liquid chromatography/tandem mass spec-
trometry method for screening glutathi-
one conjugates using exact mass neutral loss 
acquisition. Rapid Commun Mass Spectrom 
19(6):798–804

Measurement of Reactive Metabolite Formation

minjun.chen@fda.hhs.gov



280

 29. Pearson PG et al (1988) Applications of tan-
dem mass spectrometry to the characteriza-
tion of derivatized glutathione conjugates. 
Studies with S-(N-methylcarbamoyl)glutathi-
one, a metabolite of the antineoplastic agent 
N-methylformamide. Biomed Environ Mass 
Spectrom 16(1–12):51–56

 30. Rashed MS et al (1989) Application of liquid 
chromatography/thermospray mass spectrom-
etry to studies on the formation of glutathione 
and cysteine conjugates from monomethyl-
carbamate metabolites of bambuterol. Rapid 
Commun Mass Spectrom 3(10):360–363

 31. Soglia JR et al (2004) The development of a 
higher throughput reactive intermediate screen-
ing assay incorporating micro-bore liquid 
chromatography-micro-electrospray ionization-
tandem mass spectrometry and glutathione ethyl 
ester as an in vitro conjugating agent. J Pharm 
Biomed Anal 36(1):105–116

 32. Soglia JR et al (2006) A semiquantitative 
method for the determination of reactive 
metabolite conjugate levels in vitro utilizing liq-
uid chromatography-tandem mass spectrometry 
and novel quaternary ammonium glutathione 
analogues. Chem Res Toxicol 19(3):480–490

 33. Dieckhaus CM et al (2005) Negative ion tan-
dem mass spectrometry for the detection of 
glutathione conjugates. Chem Res Toxicol 
18(4):630–638

 34. Zhu M et al (2007) Detection and structural 
characterization of glutathione-trapped reactive 
metabolites using liquid chromatography- high- 
resolution mass spectrometry and mass defect 
filtering. Anal Chem 79(21):8333–8341

 35. Argoti D et al (2005) Cyanide trapping of 
iminium ion reactive intermediates followed 
by detection and structure identification using 
liquid chromatography-tandem mass spec-
trometry (LC-MS/MS). Chem Res Toxicol 
18(10):1537–1544

 36. Rousu T, Tolonen A (2011) Characterization 
of cyanide-trapped methylated metabonates 
formed during reactive drug metabolite screen-
ing in vitro. Rapid Commun Mass Spectrom 
25(10):1382–1390

 37. Inoue K et al (2009) A trapping method 
for semi-quantitative assessment of reactive 
metabolite formation using [35S]cysteine and 
[14C]cyanide. Drug Metab Pharmacokinet 
24(3):245–254

 38. Stachulski AV (2011) Chemistry and reactiv-
ity of acyl glucuronides. Curr Drug Metab 
12(3):215–221

 39. Zhong S et al (2015) A new rapid in vitro assay 
for assessing reactivity of acyl glucuronides. 
Drug Metab Dispos 43(11):1711–1717

 40. Gan J et al (2005) Dansyl glutathione as a 
trapping agent for the quantitative estima-
tion and identification of reactive metabolites. 
Chem Res Toxicol 18(5):896–903

 41. Takakusa H et al (2009) Quantitative assess-
ment of reactive metabolite formation 
using 35S-labeled glutathione. Drug Metab 
Pharmacokinet 24(1):100–107

 42. Fowler S, Zhang H (2008) In vitro evaluation 
of reversible and irreversible cytochrome P450 
inhibition: current status on methodologies 
and their utility for predicting drug-drug inter-
actions. AAPS J 10(2):410–424

 43. Bauman JN et al (2009) Can in vitro metabolism- 
dependent covalent binding data distinguish 
hepatotoxic from nonhepatotoxic drugs? An 
analysis using human hepatocytes and liver S-9 
fraction. Chem Res Toxicol 22(2):332–340

 44. Nakayama S et al (2009) A zone classification 
system for risk assessment of idiosyncratic drug 
toxicity using daily dose and covalent binding. 
Drug Metab Dispos 37(9):1970–1977

 45. Obach RS et al (2008) Can in vitro metabolism- 
dependent covalent binding data in liver 
microsomes distinguish hepatotoxic from non-
hepatotoxic drugs? An analysis of 18 drugs with 
consideration of intrinsic clearance and daily 
dose. Chem Res Toxicol 21(9):1814–1822

 46. Chen M, Borlak J, Tong W (2016) A model to 
predict severity of drug-induced liver injury in 
humans. Hepatology 64(3):931–940

 47. Schadt S et al (2015) Minimizing DILI risk in 
drug discovery – a screening tool for drug can-
didates. Toxicol In Vitro 30(1 Pt B):429–437

 48. Hong F, Freeman ML, Liebler DC (2005) 
Identification of sensor cysteines in human 
Keap1 modified by the cancer chemopreven-
tive agent sulforaphane. Chem Res Toxicol 
18(12):1917–1926

 49. Hong F et al (2005) Specific patterns of 
electrophile adduction trigger Keap1 ubiq-
uitination and Nrf2 activation. J Biol Chem 
280(36):31768–31775

 50. Shin NY et al (2007) Protein targets of reac-
tive electrophiles in human liver microsomes. 
Chem Res Toxicol 20(6):859–867

 51. Tzouros M, Pahler A (2009) A targeted pro-
teomics approach to the identification of pep-
tides modified by reactive metabolites. Chem 
Res Toxicol 22(5):853–862

 52. Hanzlik RP, Fang J, Koen YM (2009) Filling 
and mining the reactive metabolite  target pro-
tein database. Chem Biol Interact 179(1):38–44

 53. Hanzlik RP et al (2007) The reactive metabo-
lite target protein database (TPDB)—a web- 
accessible resource. BMC Bioinformatics 8:95

Axel Pähler

minjun.chen@fda.hhs.gov



281

 54. Hanzlik RP, Koen YM, Fang J (2013) 
Bioinformatic analysis of 302 reactive metabo-
lite target proteins. Which ones are important 
for cell death? Toxicol Sci 135(2):390–401

 55. Kim SH, Naisbitt DJ (2016) Update on 
advances in research on idiosyncratic drug- 

induced liver injury. Allergy Asthma Immunol 
Res 8(1):3–11

 56. Singer JB et al (2010) A genome-wide 
study identifies HLA alleles associated with 
lumiracoxib-related liver injury. Nat Genet 
42(8):711–714

Measurement of Reactive Metabolite Formation

minjun.chen@fda.hhs.gov



283

Minjun Chen and Yvonne Will (eds.), Drug-Induced Liver Toxicity, Methods in Pharmacology and Toxicology,
https://doi.org/10.1007/978-1-4939-7677-5_14, © Springer Science+Business Media, LLC, part of Springer Nature 2018

Chapter 14

In Vitro Assessment of Mitochondrial Toxicity to Predict 
Drug-Induced Liver Injury

Mathieu Porceddu, Nelly Buron, Pierre Rustin, Bernard Fromenty, 
and Annie Borgne-Sanchez

Abstract

Mitochondrial liability of drugs and other xenobiotics is a major issue for patients because such toxicity can 
damage different tissues and organs such as liver, heart, and muscle. Drug-induced mitochondrial toxicity 
is also a major concern for pharmaceutical industries. Indeed, it is now acknowledged that such mechanism 
of toxicity can induce severe, and sometimes fatal, liver injury which can lead to the interruption of clinical 
trials, or drug withdrawal after marketing, such as in the case of troglitazone. Therefore, drug-induced 
mitochondrial dysfunction is increasingly sought after by pharmaceutical companies by using reliable 
in vitro assays in order to discard potential mitochondrion-toxic drugs during drug discovery stage. This 
chapter presents the in vitro methods used to identify potential mitochondrion-toxic drugs. To this end, 
different types of biological materials are used such as isolated mouse liver mitochondria and the human 
hepatic HepaRG® cell line, which expresses the main enzymes and transcription factors involved in drug 
metabolism. The in vitro method we discussed allows to investigate several key mitochondrial parameters 
such as oxygen consumption, transmembrane potential, respiratory chain complex activities, and mtDNA 
levels. These investigations are able to detect not only direct and acute mitochondrial alterations due to 
parent drugs but also indirect and chronic mitochondrial liability that can be induced by secondary metab-
olites. Hence, it could be used to detect potential drug-induced mitochondrial liability and to understand 
the involved mechanisms.

Key words DILI, Drug-induced liver injury, Hepatocytes, Hepatotoxicity, Liver, Mitochondria, 
Mitochondrial toxicity, Oxidative stress, Respiratory chain, Transmembrane potential

1 Introduction

Mitochondrial toxicity of drugs and other xenobiotics is a major 
issue for patients because such toxicity can induce acute or chronic 
injury involving different organs and tissues such as liver, heart, 
muscle, kidney and adipose tissues [1–3]. In the worst scenario, 
these diseases can lead to long-term hospitalization and death of 
the patients. Ethanol consumed in excess amounts by millions of 
individuals all over the world is known for a long time to favor the 
occurrence of different liver diseases by altering mitochondrial 
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function by different mechanisms [4–6]. Although still scarce, 
some studies also suggest that exposure to environmental contami-
nants such as bisphenol A and benzo[a]pyrene results in mitochon-
drial dysfunction [7, 8].

In addition to the public health issue, drug-induced 
mitochondrial toxicity is also a major concern for pharmaceutical 
industries. Indeed, mitochondrial liability has been pinpointed for 
severe adverse events and deaths in patients treated by different 
drugs during clinical trials and even after their marketing. Well-
known examples of such drugs include for instance cerivastatin, 
fialuridine, perhexiline, pirprofen, and troglitazone [1, 9, 10]. For 
pharmaceutical industries, interruption of clinical trials or drug 
withdrawal after marketing can lead to huge financial loss and 
long-term image-tarnishing consequences [9, 11].

Whatever its cause (genetic or acquired), severe dysfunction of 
mitochondria is detrimental for almost all types of cells because 
these organelles are a turntable of cell metabolism and the major 
site of energy synthesis via the oxidative phosphorylation 
(OXPHOS) process [1, 12]. Regarding drug-induced toxicity, it is 
noteworthy that the list of the pharmaceuticals able to damage 
mitochondria is growing year after year [1, 4, 9, 13], most proba-
bly because drug-induced mitochondrial dysfunction is increas-
ingly sought after by academic teams and pharmaceutical 
companies. As a matter of fact, many drugs accumulate inside 
mitochondria favoring their interactions with different targets 
including enzymes and their cofactors, and the mitochondrial 
genome [1, 4, 14]. In addition specific mitochondrial transporters 
mediate import of some drugs such as antiretroviral and anticancer 
nucleoside analogs [15, 16], cationic amphiphilic molecules such 
as amiodarone, tacrine, and perhexiline can freely enter the mito-
chondria by using the transmembrane potential [4, 17]. 
Consequently, these protonophoric drugs can transitory entail an 
OXPHOS uncoupling possibly followed by an OXPHOS inhibi-
tion resulting from their mitochondrial accumulation [1, 4]. In 
addition, some drugs can trigger mitochondrial membranes per-
meabilization, sometimes facilitated by calcium and ROS, leading 
to the cytoplasmic release of proapoptotic proteins contained in 
the intermembrane space [18, 19]. Other drugs, such as antiretro-
viral drugs, can progressively deplete mitochondrial DNA 
(mtDNA) by directly inhibiting the DNA polymerase γ and/or 
inducing mtDNA oxidative damage [1, 20, 21].

As a result, the assessment of mitochondrial toxicity is now a 
major issue, not only allowing to understand the mechanisms of 
toxicity of different xenobiotics but also to discard the most haz-
ardous ones during drug discovery studies. Liver is one of the main 
targets as some drugs might preferentially accumulate in liver 
mitochondria because of their extensive first-pass hepatic extrac-
tion [17, 22]. Liver also contains high levels of cytochromes P450 
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(CYPs), which often contribute to the generation of reactive 
metabolites presenting mitochondrial toxicity [23, 24]. Numerous 
studies showed that mitochondrial dysfunction plays a primary role 
in drug-induced liver injury (DILI) including hepatic cytolysis, 
steatosis, and steatohepatitis [1, 4, 9, 20, 25, 26]. Therefore, early 
stage identification of mitochondrion-toxic drugs which might 
induce liver injury may have ethical and economic impact. Such 
investigations require the development of predictive in vitro assays 
[10, 11].

This chapter presents the methods to identify potential 
mitochondrion- toxic drugs in different types of biological materi-
als. We detail in particular the in vitro methods assessing both 
integrity and functionality of purified mouse liver mitochondria 
[27] as well as cellular and mitochondrial alterations on cultured 
hepatic cells. Most of the assays using soluble sensors are per-
formed in a screening mode for identification of mitochondrion- 
toxic drugs. However, the in vitro method we discussed here could 
be used to detect potential drug-induced mitochondrial liability 
and to understand the involved mechanisms. This chapter points 
out the importance of the nature of the biological model used in 
the mitochondrial toxicity assays and of the choice of relevant 
parameters to improve prediction of DILI in human and develop 
safer drugs.

2 Materials

Chemicals: Oligomycin A, rotenone, antimycin A, malonate, 
m-chlorocarbonylcyanide phenylhydrazone (m-Cl-CCP), CaCl2, 
Na-glutamate, 2Na-malate, 2Na-succinate, palmitoyl-l-carnitine 
and reference drugs are purchased from Sigma-Aldrich (St 
Quentin-Fallavier, France) and kept (50–100 μL samples) in solu-
tion either in water, ethanol or DMSO at −20 °C.

Homogenization buffer: 300 mM sucrose, 5 mM TES (pH 7.2), 
0.2 mM EGTA, 1 mg/mL BSA.

Swelling buffer: 200 mM sucrose, 5 mM succinate, 10 mM 
MOPS pH 7.4, 1 mM K2HPO4, 2 μM rotenone and 10 μM EGTA 
supplemented with 1 μM rhodamine 123 (Rh123; Molecular 
Probes™) for transmembrane potential assay or MitoSOX 
(Molecular Probes™) for mitochondrial ROS detection. Swelling 
of mitochondria occurs when both mitochondrial membranes are 
permeabilized.

Respiration buffer: medium A (250 mM sucrose, 30 mM 
K2HPO4, 1 mM EGTA, 5 mM MgCl2, 15 mM KCl, and 1 mg/mL 
bovine serum albumin (BSA)) supplemented with respiratory 
substrates activating complex I (1 mM malate and 12.5 mM 
glutamate), complex II (25 mM succinate and 2 μM rotenone), 

2.1 Buffers 
and Reagents
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or fatty acid oxidation (FAO) (25 μM palmitoyl-l-carnitine and 
1 mM malate) and 1.65 mM ADP.

Clark type oxygen electrode (Hansatech Instruments Ltd., Norfolk, 
UK): The oxygen electrode allows a precise and continuous mea-
surement of dissolved oxygen in magnetically stirred respiratory 
medium (medium A). The chamber made in clear cast acrylic is 
connected to a thermoregulated circulating water bath. The sam-
ples are incubated in 300 μL of respiratory medium A housed 
within a borosilicate glass reaction vessel and added with substrates, 
ADP (causing a sudden burst in oxygen uptake when ADP is con-
verted to ATP), and specific respiratory chain inhibitors using 
Hamilton-type syringe. Typically, after inhibition by oligomycin A, 
oxygen consumption is restored by addition of the OXPHOS 
uncoupler m-Cl-CCP which leads to a permanently high rate of O2 
consumption due to proton leak [28].

Red-Flash technology (Pyro-Science, Aachen, Germany): O2 
consumption can be alternatively measured using the new Red- 
Flash technology. This technique relies on the use of an optic fiber 
equipped with a membrane coated with a fluorescent dye excitable 
with an orange-red light and showing an oxygen-dependent fluo-
rescence in the near infrared [29, 30]. The experimental condi-
tions are similar to O2 consumption measurements with Clark 
electrode but adapted to lower incubation volumes (30–50 μL).

Various fluorescent probes can be used to measure potential 
mitochondrial alterations.

Rhodamine 123 (Molecular Probes™, ThermoFisher Scientific, 
Courtaboeuf, France): Rh123 is used on isolated mitochondria to 
follow in real-time mitochondrial transmembrane potential changes 
by spectrofluorimetry (λExcitation 485 nm; λEmission 535 nm). 
Mitochondrial potential due to proton gradient induces accumula-
tion and quenching of Rh123 fluorescence (decrease fluorescence). 
Conversely an increase of fluorescence (corresponding to a dye 
release from mitochondria) potentially brings about by addition of 
a drug will reflect and be proportional to a loss of the mitochon-
drial membrane potential. The protonophore m-Cl-CCP which 
fully dissipates the proton gradient across the inner mitochondrial 
membrane is used as control.

DiOC6 (Molecular Probes™, ThermoFisher Scientific, 
Courtaboeuf, France): This cationic dye accumulates into mito-
chondria in response to electric potential across the inner mito-
chondrial membrane. High concentration of dye induces extensive 
quenching resulting in fluorescence shift that is proportional to the 
mitochondrial membrane potential. In the context of our plat-
form, DiOC6 is used on entire cells to measure the end-point 
transmembrane potential loss by flow cytometry (decrease of fluo-
rescence; λExcitation 488 nm, λEmission 530 nm).

2.2 Detection 
Systems

2.2.1 Polarographic 
Oxygen Sensors

2.2.2 Soluble Sensors
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MitoXpress (Luxcel, Cork, Ireland): This phosphorescent dye 
is quenched by O2, hence the amount of phosphorescence is 
inversely proportional to amount of extracellular O2. When O2 is 
consumed by the respiratory chain, the dye is dequenched and 
phosphorescence is emitted (λExcitation 380 nm; λEmission 650 nm). 
MitoXpress dye allows high throughput measurement of mito-
chondrial oxygen consumption in real-time by spectrofluorimetry 
on isolated mitochondria and cells in suspension [31, 32].

MitoSOX (Molecular Probes™, ThermoFisher Scientific, 
Courtaboeuf, France): MitoSOX is a cell-permeant fluorescent dye 
targeted to mitochondria to measure production of superoxide 
anions (henceforth referred to as mitochondrial reactive oxygen 
species or mtROS). When oxidized by superoxide anions, the dye 
exhibits red fluorescence which can be measured by spectrofluo-
rimetry (λExcitation: 510 nm; λEmission: 580 nm) or flow cytometry (Fl- 
2: 580 nm).

Liver mitochondria from 6- to 10-week-old BALB/cByf female 
mice (Charles River, Saint-Germain-sur-L’arbresle, France) is used 
to identify direct mitochondrial effects of xenobiotics. Female 
mice are used instead of male to reduce interindividual variability 
(Brenner and Borgne-Sanchez, unpublished data; [27]). Female 
rat liver mitochondria could also be used without significant 
differences in sensitivity to compounds (tested on ~20 reference 
drugs; [27]; unpublished data) Liver mitochondria are isolated and 
purified by isopycnic density-gradient centrifugation in Percoll [27, 
33] allowing to obtain pure and stable mitochondrial preparations. 
Purified organelles resuspended in homogenization buffer 
(22 mg/mL of proteins) are kept on ice, and used in screening 
assays in the next 5 h following their preparation. Premature 
dilution might alter the integrity of mitochondria. To check the 
quality of mitochondrial preparations, samples are subjected 
to measurement of spontaneous swelling and transmembrane 
potential loss in 96-well plates at 37 °C during 30 min in presence 
of swelling buffer (see Sect. 3.2.1 for procedure). The preparation 
is considered as stable and suitable for screening assays if the 
spontaneous swelling and ΔΨm loss are below 10% after 30 min at 
37 °C (Fig. 1a). In addition, the respiratory control index (RCI) 
is measured by Clark electrode (see Sect. 3.1.1 for procedure) 
and has to be above 3 (using succinate as a substrate) to validate 
respiratory chain functionality (Fig. 1b) [33]. Finally, the forward 
scatter and side scatter (FSC/SSC) and fluorescence (λExcitation 
488 nm; λEmission 530 nm) analysis by flow cytometry (FACSCalibur, 
BD Bioscience, Germany) of the mitochondrial preparation 
in the presence or absence of MitoTracker™ green (Molecular 
Probes™, ThermoFisher Scientific, Courtaboeuf, France) indicates 
the proportion of intact mitochondria and has to be above 95% 
(Fig. 1c) to ensure mitochondrial stability during the assays.

2.3 Biological 
Models

2.3.1 Isolated 
Mitochondria
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The human hepatic HepaRG® cell line (Biopredic International, 
Rennes, France) is a relevant model to investigate liver mitochon-
drial toxicity induced by parent compounds or their metabolites. 
These hepatocyte-like cells express xenobiotic metabolizing activi-
ties close to those measured in primary human hepatocyte cultures 
[34]. Therefore, HepaRG cells possess both the metabolic perfor-
mances of primary hepatocytes and the indefinite growth capacity 
of hepatic cell lines.

We use undifferentiated HepaRG cells cryopreserved at 
passage P12 (HPR101). After 2 weeks of proliferation in the 
HepaRG growth medium (ADD710), cells become confluent 
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Fig. 1 Quality controls of purified mouse liver mitochondria. (a) Mitochondrial integrity. Spontaneous swelling 
(0.4%; OD at 550 nm) and ΔΨm loss (5%; RFU) are measured by spectrofluorimetry after 30 min incubation 
at 37 °C in swelling buffer as described in Sect. 3.2.1 and compared to positive controls (50 μM Ca2+ for swell-
ing and 50 μM m-Cl-CCP for ΔΨm loss; 100% induction). (b) Mitochondrial functionality. O2 consumption by 
mitochondria (100 μg) is measured by Clark electrode after addition of the indicated reagents. Numbers along 
the trace are nmoles of O2 consumed per minute per milligram of protein. The respiratory control index (RCI) is 
calculated as indicated in Sect. 3.1.1. (c) Purity of mitochondrial fraction. Purified mitochondria are analyzed 
by flow cytometry after MitoTracker Green labeling (left panel: size (FSC)/granulosity (SSC); right panel: FSC/
FL-1). The percentage of labeled mitochondria (MTG+ events) reflects the purity of the mitochondrial 
preparation
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and  spontaneously enter into differentiation. The HepaRG 
differentiation medium (ADD720) subsequently allows the cells 
to undergo a complete hepatocyte differentiation program within 
2 weeks where two cell types (hepatocyte colonies and primitive 
biliary cells) are present. For compound screening, the growing 
cells are seeded at 2 × 104 cells/cm2 and treated with compounds 
during the differentiation phase, for instance for 1, 2, 7, or 12 
consecutive days. Renewal of medium and treatment is performed 
on days 2 and 5 for the 7 day-treatments and on days 3, 5, 7, and 
10 for the 12 day-treatments.

To characterize cell metabolism, we measure lactate production 
(see Sect. 3.1.3) which is dependent on glycolytic activity and 
glucose concentration in the medium (Fig. 2a). Hence, lactate 
production is high in HepG2 cells cultured with 4.5 g/L glucose 
and reduced in HepG2 adapted to galactose. Lactate concentra-
tions are also low in differentiated HepaRG cells grown with glu-
cose (2 g/L). Indeed, even cultured with glucose, HepaRG cells 
have low glycolytic activity. Regarding mitochondrial activity, RCI 
measured in mitochondria isolated from HepaRG cells (see Sect. 
3.1.1) is around 7 in the presence of succinate and ADP (Fig. 2b). 
This high RCI presumably reflects high OXPHOS capacity, thus 
confirming recent investigations [35]. Besides RCI, assessment of 
the activity of the respiratory chain complexes II and IV is informa-
tive because higher activity of complex II compared to complex IV 
(see Sect. 3.1.2) is characteristic of liver mitochondria [36]. 
Differentiated HepaRG cells show a high complex II–complex IV 
ratio closer to primary hepatocytes than HepG2 cells, which have 
high complex IV activity compared to complex II even in the pres-
ence of galactose (Fig. 2c). Hence, differentiated HepaRG cells 
that rely on the OXPHOS machinery for survival is a valuable 
model to study drug-induced hepatic mitochondrial dysfunctions 
[34, 37].

3 Methods

We set up various quality controls to validate the use of our 
biological models for the detection of mitochondrial dysfunction. 
Using purified liver mitochondria, RCI is measured to validate the 
functionality and stability of the mitochondrial preparation. The 
benefit of using HepaRG cells as a predictive model to detect drug- 
induced mitochondrial toxicity was validated by demonstrating 
that culture conditions in glucose recommended by the provider 
were able to detect such toxicity.

Isolated mitochondria are incubated in a magnetically stirred 
1.5 mL cell chamber with a Clark type oxygen electrode thermo-
stated at 37 °C, in 300 μL of respiration buffer with succinate. The 
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addition of a limiting amount of ADP triggers a rapid oxygen 
uptake characteristic of an active phosphorylating state (state 3; 
conversion of added ADP to ATP) followed by a slower oxygen 
uptake rate when all the ADP has been phosphorylated to form 
ATP (state 4) inducing proton accumulation and respiratory chain 
inhibition. RCI, which is the [state 3 rate]–[state 4 rate] ratio, 
reflects the coupling between oxidizing and phosphorylating 

Fig. 2 Mitochondrial and glycolytic activities in HepaRG and HepG2 cells. (a) Glycolytic activity. Lactate 
production measured, as described in Sect. 3.1.3, in HepG2 cultured without glucose and galactose (HepG2 
wo Glc/Gal), HepG2 cultured in glucose-rich medium (HepG2-Glc), HepG2 adapted in galactose-rich medium 
(HepG2- Gal) and differentiated HepaRG cells cultured with glucose (HepaRG-Glc) (n = 3–4, mean ± SEM, 
standard error of mean). (b) Functionality of purified HepaRG mitochondria. O2 consumption by mitochondria 
(100 μg) is measured by Clark electrode after addition of the indicated reagents. Numbers along the trace are 
nmoles of O2 consumed per minute per milligram of protein. The respiratory control index (RCI) is calculated 
as indicated in Sect. 3.1.1. (c) Respiratory chain activity. Ratios of complex II–complex IV (CII–CIV) activity are 
measured as indicated in Sect. 3.1.2 in human primary hepatocytes (frozen), cultured growing and differentiated 
HepaRG cells as well as cultured HepG2-Glc and HepG2-Gal cells (n = 4–5; mean ± SEM, standard error of 
mean). A CII–CIV ratio above 1 is characteristic of hepatic cells
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 processes. Hence, a high RCI reliably indicates the integrity and 
functionality of the mitochondrial preparation.

Measurements of the respiratory chain complex activity are adapted 
from Bénit et al. [38] to frozen primary human hepatocytes 
(Biopredic International, Rennes, France), growing and differenti-
ated HepaRG cells and HepG2 cells (CRL-10741; LGC Standards, 
Molsheim, France) cultured in glucose or adapted to galactose. 
For complex II activity (EC 1.3.5.1), the cells are trypsinized, per-
meabilized with low digitonin and incubated at 37 °C in 10 mM 
KH2PO4 buffer (pH 7.2) with lauryl maltoside, 5 mM succinate, 
100 μM oxidized decylubiquinone, 300 μM potassium cyanide, 
and 40 μM DCPIP (dichlorophenolindophenol sodium) in 96-well 
plates. Activity of this complex is measured in real-time by spectro-
photometry by following the decreased absorbance of DCPIP at 
600 nm (Tecan Infinite 200). For measurement of complex IV 
activity (EC 1.9.3.1), cells are incubated at 37 °C in KH2PO4 buf-
fer (pH 7.2) with lauryl maltoside and 25 μM dithionite-reduced 
cytochrome c in 96-well plates. Activity of this complex is mea-
sured in real-time by spectrophotometry at 550 nm. As previously 
mentioned, higher activity of complex II compared to complex IV 
is characteristic of liver mitochondria [36].

After deproteinization of samples, 96-well plates are kept at −80 °C 
until use. Lactate levels are then measured by spectrofluorimetry 
(Tecan Infinite 200, λExcitation 535 nm; λEmission 580 nm) using the 
Lactate Fluorometric assay kit (BioVision, ENZO Life Science, 
Villeurbane, France) according to the supplier’s recommendations.

In order to determine whether compounds can be rapidly and 
directly toxic on mitochondria, we classically assess a combination 
of parameters in purified mouse liver mitochondria (MiToxView®) 
[27, 28].

Compounds (2× final concentrations) are distributed in 96-well 
plate in 100 μL/well swelling buffer. Mitochondria (22 μg) and 
Rh123 (2 μM) are mixed in 100 μL swelling buffer and added to 
each well. Absorbance (swelling; Optical Density (OD) at 550 nm) 
and Rh123 fluorescence (ΔΨm loss; relative fluorescence unit 
(RFU) at λExcitation 485 nm; λEmission 535 nm) are recorded at 37 °C 
in real-time during 45 min using a spectrofluorimeter. Results are 
expressed in percent of induction after normalization by negative 
control (untreated mitochondria; 0% induction) and positive con-
trol (50 μM Ca2+ for swelling and 50 μM m-Cl-CCP for ΔΨm loss; 
100% induction).

MitoXpress dye (200 nM) is diluted in 50 μL of respiration buffer 
(medium A supplemented with 4× concentrated respiratory sub-
strates and ADP) and distributed to each well of a 96-well plate. 
Compounds (4× final concentrations) are distributed in 96-well 
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plate in 50 μL of medium A per well before distribution of the 
mitochondria (100 μg) diluted in 100 μL of medium A. Then, 
100 μL of mineral oil is added to each well to avoid oxygen balance 
between ambient air and respiration reaction. O2 consumption is 
measured in real-time during 45 min at 37 °C by spectrofluorime-
try (λExcitation 380 nm; λEmission 650 nm). Results are expressed in per-
cent of inhibition after normalization by negative control (untreated 
mitochondria; 0% inhibition) and positive control (25 mM malo-
nate for complex II driven O2 consumption; 2 μM rotenone for 
complex I and FAO driven O2 consumption; 100% inhibition).

Compounds (2× final concentrations) are distributed in 96-well 
plates in 100 μL swelling buffer per well. Mitochondria (44 μg) 
and MitoSOX Red dye (4 μM) are mixed in 100 μL swelling buffer 
and added to each well at 37 °C. Fluorescence is recorded for 
45 min by spectrofluorimetry (λExcitation 510 nm; λEmission 590 nm). 
Results are expressed in percent of ROS production after normal-
ization by negative control (untreated mitochondria; 0%) and posi-
tive control (10 μM antimycin A; 100% ROS production).

In order to determine whether compounds or their metabolites 
can be toxic on mitochondria, in particular after several days of 
treatment, we classically assess a combination of parameters in cul-
tured differentiated HepaRG cells.

After treatment, the differentiation medium is removed and 
the cells are labeled with the DiOC6 dye diluted at 10 nM in 
differentiation medium for 20 min at 37 °C in a humidified 5% 
CO2 incubator. Cells are trypsinized for the measurement of 
mitochondrial membrane potential (ΔΨm) which is detected as 
an end-point measurement by flow cytometry (FACSCalibur, BD 
Biosciences; λExcitation 488 nm; λEmission 530 nm). Results are expressed 
in percent of potential loss after normalization by negative control 
(untreated cells; 0%) and positive control (1 μM staurosporine for 
24 h; 100% ΔΨm loss). In case of interference with the DiOC6 dye, 
JC-1 (5,50,6,60,-tetrachloro 1,1,3,30- tetraethylbenzimidazolylca
rbocyanine iodide; Molecular Probes™) can be alternatively used 
(λExcitation 488 nm; λEmission 530 and 580 nm for low and high ΔΨm, 
respectively).

After treatment, cells are harvested with trypsin, loaded in 96-well 
plates and kept at room temperature in 50 μL differentiation 
medium. After addition of the MitoXpress dye (100 nM) diluted 
in 50 μL of respiration buffer, mineral oil is added and the oxygen 
consumption is immediately measured in real-time by spectrofluo-
rimeter (λExcitation 380 nm; λEmission 650 nm). Results are expressed in 
percent of inhibition after normalization by negative control 
(untreated cells; 0%) and positive control (2 μM rotenone added at 
T0; 100% inhibition).

3.2.3 mtROS Production
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After treatment, cells are loaded in 96-well plates and permeabilized 
in order to measure the ATP and ADP levels using the ApoSENSOR 
kit (BioVision, ENZO Life Science, Villeurbane, France) according 
to the supplier’s recommendations. The changes in ADP/ATP 
ratios have been used to identify metabolism imbalance and cell 
death [39]. The enzyme luciferase catalyzes the formation of light 
from ATP and luciferin. ADP levels are measured by ADP 
conversion to ATP that is subsequently detected using the same 
reaction. The light is measured using a luminometer. Results are 
expressed in percent of inhibition after normalization by negative 
control (untreated cells; 0%) and positive control (10 μM antimycin 
A; 100% ADP–ATP ratio alteration).

Because drug-induced mtDNA depletion classically occurs after 
several days of treatment [14, 21], we measure mtDNA levels after 
12 days. To this end, cells are trypsinized and pelleted before isola-
tion of total DNA and amplification by qPCR (Mx3005 Pro ther-
mocycler; Agilent). Primers and Taqman probes targeting 
mitochondrial DNA (ND1; forward primer: ccctaaaacccgccacatct; 
reverse primer: gagcgatggtgagagctaaggt; Taqman probe: ccat-
caccctctacatcaccgccc) and nuclear DNA (GAPDH; forward primer: 
ctccccacacacatgcactta; reverse primer: cctagtcccagggctttgatt; 
Taqman probe: aaaagagctaggaaggacaggcaacttggc) are used to 
respectively measure mitochondrial DNA and nuclear DNA for 
normalization. The 2–ΔΔCt method is used to assess the relative 
mtDNA levels.

In all assays, efficient drug concentrations inducing 20% of the 
effect (EC20) are determined in comparison to the 100% baseline 
obtained with their respective positive controls. EC20 calculations 
are done on at least three replicates of treatment (three mitochon-
drial purifications or three cell passages) by using a nonlinear 
regression in Graphpad Prism4. A drug is considered as 
mitochondrion- toxic if the EC20 is ≤100 × Cmax (maximal plasma 
concentration) for at least one of the five abovementioned param-
eters assessed in purified mitochondria [27], or at least one param-
eter among transmembrane potential, global O2 consumption, and 
mtDNA levels in HepaRG cells [40, 41].

Although it is not a mitochondrial parameter per se we can measure 
intracellular glutathione levels as reliable oxidative stress marker. 
After treatment, cells are loaded in 96-well plates in order to 
measure total glutathione (i.e., reduced glutathione 
[GSH] + oxidized glutathione [GSSG]) and only GSSG, 
respectively in two different wells. Difference in values obtained in 
both wells allows to determine GSH levels. Measurements are 
performed by luminescence (Tecan Infinite 200) using the GSH/
GSSG-Glo™ Assay (Promega, France), according to the supplier’s 
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recommendations. Results are expressed in percent of GSH depletion 
after normalization by negative control (untreated cells; 0%) and 
positive control (100 μM buthionine-sulfoximine; 100%).

4 Discussion/Note

The use of fluorescent probes is convenient to screen compounds 
as the assays can be done in 96- or 384-well plate-based format. It is 
well adapted to cell lines or isolated liver mitochondria because the 
biological material is not limiting. Indeed, MitoXpress requires 
relatively large cell amounts (around 200,000 cells/well in 96-well 
plates with detection by Tecan Infinite 200) in order to measure 
global cell respiration. Oxygraphs (Hansatech or Oroboros) 
require more cells (106 cells/measure) due to their large chamber 
volume (250 μL to 1 mL) but offer flexibility which allows exten-
sive characterization of the respiratory chain activity by sequential 
addition of reagents in the medium during recording. The highly 
sensitive Red-Flash technology [29, 30] presents similar advan-
tages although it allows measurement of O2 consumption in less 
than 50 μL sample volumes. This is convenient in case of precious 
samples (patient tissues, primary cells, iPS-derived cells). However 
so far, commercially available Red-Flash devices appear better 
adapted to study a limited number of samples simultaneously 
(2–4). It is important to mention here that oxygraphy helps in case 
of fluorescent or colored (yellow) compounds which usually inter-
fere with fluorescent probes, specifically with MitoXpress [27]. 
However, compound screening using oxygen consumption is 
hardly feasible by using oxygraph or Red-Flash technologies.

Finally, the extracellular flux (XF) analyzer (Agilent 
Technologies, Santa Clara, USA) allows real-time monitoring of 
the O2 consumption rate and extracellular acidification rate in intact 
cells, thus combining the evaluation of OXPHOS activity and gly-
colysis. This technique, using a disposable sensor cartridge embed-
ded with 96 pairs of fluorescent biosensors, thus permits a first stage 
identification of potential mitochondrion-toxic compounds. 
However, further experiments performed in isolated mitochondria 
should be done in order to determine whether mitochondrial dys-
function detected with this screening tool is a primary event, or 
only a distant consequence of upstream cellular events.

The choice of the biological model is obviously of primary 
importance in order to study drug-induced mitochondrial 
dysfunction. If purified mouse liver mitochondria are useful for the 
identification of acute effects of parent drugs [27], long term 
effects or metabolite toxicity require the use of cellular assays. 
Primary human hepatocytes are classically used to assess 
mitochondrial dysfunction and cellular toxicity [32] but their use 
is limited due to the scarcity of liver donors, absence of cell 
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amplification and variability between batches (for instance, 
secondary to different polymorphisms, preexisting liver diseases 
and treatments). HepG2 hepatocarcinoma cells are commonly 
used in toxicity assays because of their easy culture and clonal 
origin leading to reproducible response. However, under standard 
culture conditions in glucose rich-medium, HepG2 cells mainly 
produce ATP by glycolysis (Crabtree effect) while OXPHOS 
activity and FAO are maintained at a low rate [35, 42], making 
these cells mostly resistant to mitochondrion- toxic compounds. 
Their growth in galactose circumvents the Crabtree effect [43] 
and allows these cells to become susceptible to mitochondrial 
inhibition [44]. However, even when adapted to galactose medium 
(shift to OXPHOS machinery), they might conserve some 
characteristics of tumor cells, for example regarding the Bcl-2 
family protein profile [33]; unpublished data) and respiratory chain 
activity (Fig. 2c). Indeed, tumor cells are “ready for death” and 
their sensitivity to compounds can be different from healthy 
hepatocytes. Moreover, HepG2 cells present limited 
biotransformation capabilities, although this feature can greatly 
vary between the sources of HepG2 cell lines [45]. Nonetheless, 
HepG2 cells express an incomplete repertoire of xenobiotic-
metabolizing enzymes (XME) compared to primary human 
hepatocytes and HepaRG cells [37, 46]). In most cases, the 
Glucose-Galactose assay is based on measurement of cellular 
parameters such as cell growth or ATP content over short periods 
of treatment [44, 47]. A clear difference of response between both 
conditions helps to identify if mitochondrial toxicity is a dominant 
pathway [44]. However, this strategy fails to detect mitochondrion- 
toxic drugs with long-term effects and/or toxicity mediated by 
XME-generated metabolites [47].

Since almost 7 years, additionally to isolated mitochondria, 
we use the well-established HepaRG cell line in order to detect 
mitochondrial liability. Indeed, differentiated HepaRG cells 
present (even in glucose medium) low glycolytic activity (Fig. 2a) 
and high OXPHOS capacities with a high respiratory control 
index (RCI about 7) using succinate as a substrate (Fig. 2b; 
[35]). Moreover, the complex II–complex IV activity ratio 
of differentiated HepaRG cells is close to the one observed in 
primary hepatocytes, this being not true for HepG2 cells (even 
adapted to galactose) (Fig. 2c). In addition, HepaRG cells offers 
the advantage of a cell line with drug metabolism capacities close 
to those of primary hepatocytes [34, 37, 48]. Measurements of 
transmembrane potential, oxygen consumption, ATP/ADP ratio, 
GSH depletion, and mtDNA depletion during time course of 
treatment can help to identify drugs with moderate but significant 
mitochondrial toxicity but also drug-induced cytotoxicity 
unrelated to primary mitochondrial dysfunction (for instance, 
secondary to oxidative stress). These assays in HepaRG cells 
nicely complement screening assays on purified mitochondria on 
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which respiratory chain complex activity can also be measured if 
inhibition of O2 consumption is detected. Table 1 provides an 
illustration of what can be obtained in term of identification of 
mitochondrial toxicants and understanding of their mechanisms 
of toxicity by using this strategy. Indeed, the multiparametric 
screen in mouse liver mitochondria combined with time-course 
treatment in HepaRG cells may allow the distinction between: 
(1) direct and acute mitochondrial toxicity of the parent drug, (2) 
direct mitochondrial toxicity of a reactive metabolite, (3) direct 
but long-term mitochondrial toxicity, and (4) rapid cytotoxic 
effect with downstream mitochondrial damages. Such strategy can 
be used in order to detect drug-induced mitochondrial toxicity 
at drug discovery stage or during preclinical development, thus 
being useful to adapt drug development strategy (modifications of 
drug chemical structure, use of specific mouse models, …). 

5 Conclusion and Future Directions

Given the importance of drug-induced mitochondrial toxicity in 
DILI [49], a great deal of efforts has been made in the last decade 
to develop predictive tools and assays to study drug-induced mito-
chondrial dysfunction in vitro [10]. The use of fluorescent probes 
and commercial devices helped to set up screening assays, and thus 

Table 1 
Multiparametric study in purified liver mitochondria combined with time-course treatments in 
differentiated HepaRG cells

Liver mitoch. HepaRG 2d HepaRG 7d HepaRG 12d

Class #1

Class #2

Class #3

Class #4

Class #5

Assessment of drug-induced toxicity in isolated mouse liver mitochondria (swelling, ΔΨm loss, O2 consumption driven by 
CI, CII, and FAO, mtROS production) combined with time-course treatments in differentiated HepaRG cells (ΔΨm loss, 
global O2 consumption, ADP–ATP ratio, GSH, mtDNA) can allow the identification of mitochondrion-toxic com-
pounds with DILI risk. Mitochondrial toxicity was determined as indicated in Sect. 3.4. When taking into account all 
these parameters, compounds can tentatively be classified in five classes: Class #1: compounds with direct and acute 
mitochondrial toxicity due to the parent drug (i.e., amiodarone, lovastatin, lumiracoxib, perhexiline, saquinavir, and 
troglitazone); Class #2: compounds with direct mitochondrial toxicity of a reactive metabolite (i.e., acetaminophen, 
mercaptopurine); Class #3: compounds with direct but long-term mitochondrial toxicity (i.e., fialuridine, zalcitabine, and 
zidovudine); Class #4: compounds with rapid cytotoxic effect inducing downstream mitochondrial damages; Class #5: 
compounds with no apparent mitochondrial toxicity (i.e., amantadine). Color code: red: strong effect (toxicity ≥ 50% of 
the respective positive control of mitochondrial liability); pink: moderate effect (20% < toxicity < 50%); orange: low effect 
(toxicity ≤ 20%); white: no effect. 2, 7, and 12 days correspond to 2, 7, and 12 day-treatment, respectively
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nowadays a combination of read-out and biological models 
improves the prediction of drug toxicity risk in human [47, 50].

Our platform combines multiparametric assays on both purified 
hepatic mitochondria and cultured HepaRG differentiated cells. 
This strategy allows the detection of direct and acute mitochondrial 
toxicity of parent drug, their metabolites and/or long- term 
induced mitochondrial toxicity. Whereas the use of purified 
mitochondria allows medium-throughput screening (200 com-
pounds/months, at four concentrations in triplicate on five param-
eters), studies in HepaRG cells are, at the moment, performed in 
low throughput, i.e., ~22 compounds per month (excluding cell 
growth period) at four concentrations, three time-points, 4–5 
parameters in triplicate. Future development might consist in the 
combination of 2–3 readouts on the same sample as well as the use 
of more sensitive probes to reduce cell number per point. To 
respect the 3R principle, we have developed assays in purified 
HepaRG mitochondria, which also have the advantage to be close 
to the human metabolism. Investigation of a large panel of refer-
ence drugs on this system might be useful to challenge the sensitiv-
ity of human versus rodent mitochondria to drug-induced toxicity. 
Finally, it will be interesting to measure other mitochondrial 
parameters in order to better understand the mechanisms whereby 
drugs can alter mitochondrial function. For instance, we plan to 
study the mitochondrial FAO pathway with different fatty acids as 
some drugs can differentially inhibit the oxidation of short-chain, 
medium chain and long-chain fatty acids [51, 52].
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Chapter 15

Bile Salt Export Pump: Drug-Induced Liver Injury 
and Assessment Approaches

Ruitang Deng

Abstract

Bile acid homeostasis is maintained through the tightly regulated enterohepatic circulation of bile acids. 
Biliary excretion of bile acids by bile salt export pump (BSEP) is the rate-limiting step in the circulation. 
Impairment of BSEP function and expression results in excessive accumulation of hepatic bile acids, which 
are toxic to hepatocytes. Indeed, genetic deficiencies in BSEP resulting in diminished or reduced BSEP 
activity or cell surface expression directly cause cholestatic liver diseases including progressive familial intra-
hepatic cholestasis type II (PFICII) and benign intrahepatic cholestasis (BRIC) or predispose to intrahe-
patic cholestasis of pregnancy and drug-induced cholestasis. Drugs or compounds inhibiting BSEP activity, 
repressing BSEP transcription, or reducing cell surface expression of BSEP protein have the potential to 
induce cholestatic liver injury. Accumulating evidences reveal that inhibition of BSEP activity is one of the 
mechanisms for drug-induced liver injury (DILI). Studies also show that repression of BSEP transcription 
or reduction of its canalicular membrane expression contribute to a spectrum of cholestatic injuries. 
Currently, a number of in vitro methods are employed to assess the cholestatic potentials of drugs or com-
pounds. These methods can be divided into three categories based on the mechanisms of action of the test 
drugs or compounds: (1) inhibition of BSEP activity; (2) repression of BSEP transcription; and (3) reduc-
tion of cell surface expression of BSEP protein. Here, applications, advantages, and limitations of these 
in vitro approaches are described and discussed.

Key words Bile salt export pump, BSEP, Cholestasis, Drug-induced liver injury, DILI, Drug-induced 
cholestasis, BSEP activity, BSEP transcription, BSEP expression

1 Introduction

Bile acids are the metabolites of cholesterol and are synthesized in 
the liver. Approximately 0.5 g of bile acids are produced daily in 
human liver. Bile acid homeostasis is maintained through a tightly 
regulated enterohepatic circulation of bile acids. After synthesis in 
hepatocytes in the liver, bile acids are excreted into bile and stored in 
the gallbladder. After each meal, bile acids are released from the gall-
bladder into the small intestine where the majority of bile acids (95%) 
are reabsorbed. Through portal blood circulation, bile acids are 
returned to the liver, completing the enterohepatic circulation [1–4]. 
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Biliary secretion of bile acids from hepatocytes into bile is the rate-
limiting step in the enterohepatic circulation of bile acids and is 
mainly mediated by the canalicular member transporter, bile salt 
export pump (BSEP) [5–10].

As the canalicular transporter of bile acids, BSEP plays an 
essential role in maintaining hepatic as well as systemic bile acid 
homeostasis. Impairment of BSEP expression and function results 
in decreased biliary excretion of bile acids with concurrent accu-
mulation of excessive bile acids in the liver, which is toxic to hepa-
tocytes. Genetic deficiencies in BSEP cause progressive familial 
intrahepatic cholestasis type 2 (PFIC2) [11–23], benign recurrent 
intrahepatic cholestasis type 2 (BRIC2) [23–25] and contribute to 
intrahepatic cholestasis of pregnancy [26–30] and drug-induced 
cholestasis [31, 32].

Under cholestatic conditions, high levels of hepatic bile acids, 
especially hydrophobic bile acids, such as chenodeoxycholic acid 
(CDCA), have been implicated in causing liver damage [33–40]. 
Studies in vitro and in vivo reveal several possible mechanisms by 
which bile aids induce hepatic cytotoxicity. First, elevated bile acids 
damage the integrity of cell membranes through their detergent 
property [33–35]. Second, bile acids cause mitochondrial stress 
and promote the generation of reactive oxygen species, which in 
turn cause damage to the cells [36–39]. Third, bile acids induce 
endoplasmic reticulum stress, contributing to cell death [40–42]. 
Finally, bile acids may induce inflammatory responses to contribute 
cell damage [43–45]. Through those mechanisms, bile acids even-
tually cause cell death in two distinct pathways, apoptosis and 
necrosis [46–49]. Relatively lower concentrations of bile acids 
appear to lead to apoptosis while higher concentrations of bile 
acids cause cell death through necrosis [39, 50, 51]. Although 
both types of cell death are observed under cholestatic conditions, 
necrosis is the predominant form of cell death in the cholestatic 
mouse model [49, 52].

Drug-induced liver injury (DILI) is a major cause of serious 
liver illness in humans and has at times resulted in drug withdrawal 
from the market [53–58]. As the major bile acid transporter, BSEP 
has been long recognized as a potential mechanism contributing to 
DILI (Fig. 1). In humans, certain BSEP variants have been associ-
ated with drug-induced cholestasis [31, 32]. Accumulating evi-
dence suggests that inhibition of BSEP is one of the mechanisms 
for drug-induced liver toxicity [59–74]. A close correlation has 
been established between the potency of BSEP inhibition by drugs 
or compounds and the severity of DILI [61–64, 72–74]. Many 
in vitro methods have been developed to evaluate the inhibitory 
potency of BSEP activity by drugs or compounds [59–77]. 
Screening drug candidates or compounds for inhibition of BSEP 
activity has become a more widely used approach during drug 
discovery.
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In contrast to our current understanding on inhibition of 
BSEP activity as a possible mechanism contributing to DILI, much 
less attention and efforts have been given to investigating the dis-
ruption of BSEP expression caused by drugs or compounds. 
Disruption of BSEP expression can be at the transcriptional and/
or posttranscriptional level. Limited studies have demonstrated 
that repression of BSEP transcription by endobiotics, such as estro-
gens, and xenobiotics, including drugs, contributes to intrahepatic 
cholestasis or DILI [78–82]. Consistently, studies have shown that 
BSEP expression levels are reduced in cholestatic patients [83–85]. 
As a canalicular membrane transporter, BSEP activity is directly 
correlated with its cell surface expression levels. Under physiologi-
cal condition, the expression levels of BSEP on the canalicular 
membrane are determined by a balance between cell surface target-
ing and internalization of BSEP protein [4, 86, 87]. Blockage of 
cell surface targeting or enhanced internalization leads to reduced 
cell surface expression, consequently causing cholestatic liver injury 
[4, 10, 87]. Such posttranscriptional effects on BSEP cell surface 
expression have been demonstrated in various cholestatic condi-
tions [88–96]. Although there are various methods for assessing 
drug or compound disruption of BSEP expression, they are not 
fully utilized in drug candidate screening.

Impairment of BSEP-
mediated biliary 

secretion of bile acids 

Excessive accumulation 
of hepatic bile acids

Hepatocyte death through 
apoptosis and/or necrosis

Drug-Induced Liver Injury
(DILI)

BSEPBile Acids

Bile

Drugs or 
Compounds

Fig. 1 BSEP-associated drug-induced liver injury. Drugs or compounds act on 
BSEP, impairing BSEP function or expression. As a result, biliary excretion of bile 
acids is reduced with concurrent accumulation of excessive bile acids in hepa-
tocytes. Elevation of hepatic bile acids causes cell death through apoptosis and/
or necrosis, and subsequently leads to cholestatic liver injury

BSEP-Associated Drug-Induced Liver Injury
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Taken together, a drug or compound can potentially induce 
cholestatic liver injury through: (1) inhibiting BSEP activity; (2) 
repressing BSEP transcription; and (3) reducing BSEP cell surface 
expression (Fig. 2). Here, we describe the methods to assess the 
cholestatic potentials of drugs or compounds through those three 
mechanisms and discuss their advantages and limitations.

2 Measuring BSEP Inhibition

Direct inhibition of BSEP activity by drugs has been proposed as a 
major mechanism for drug-induced cholestasis [59–74]. Extensive 
evaluation of drugs or compounds with or without potential to 
cause cholestatic injury reveals a direct correlation between BSEP 
inhibition and drug-induced cholestasis [61–64, 72–74]. 
Theoretically, BSEP-mediated biliary excretion of bile acids can be 
inhibited by drugs or compounds that serve as either BSEP sub-
strates or inhibitors. As a specialized bile acid transporter, BSEP 
has a very narrow substrate spectrum, exhibiting high affinity and 
selectivity toward conjugated bile salts with highest affinity for 
taurine- conjugated CDCA and cholic acid (CA) [5, 6, 70, 97]. No 
drugs or compounds have been identified as BSEP substrates with 
high affinity. Therefore, most of identified drugs to cause choles-
tatic injury are BSEP inhibitors, and it remains to be determined 
how these drugs or compounds bind to BSEP and interfere with 
its activity. Currently, there are many in vitro methods available to 
screen drugs or chemicals that inhibit BSEP activity. Based on 

Drugs or compounds act as BSEP 
transcription repressors

BSEP
FXRE

FX
R

R
XR

Promoter Repression

Drugs or 
Compounds

Repression of BSEP 
transcription

Drugs or compounds act as BSEP 
inhibitors or substrates

Bile Acids

Inhibition

Drugs or 
Compounds

Inhibition of BSEP 
activity

Drugs or compounds act as BSEP 
surface expression modulators

BSEP

Internalization

Surface Insertion

Drugs or 
Compounds

Modulation

Reduction of BSEP cell 
surface expression

A B C

BSEP
Bile

BSEP
Bile

Fig. 2 Mechanisms of BSEP-mediated DILI. (a) Drugs or compounds act as BSEP inhibitors or weak sub-
strates to inhibit BSEP activity. (b) Drugs or compounds act as BSEP transcription repressors to repress BSEP 
transcription, especially through FXR antagonism. (c) Drugs or compounds act as BSEP cell surface expression 
modulators to either enhance BSEP protein internalization or block BSEP protein cell surface insertion
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 cellular components used for the assays, those methods can be 
divided into two major categories: (1) vesicular membrane-based 
and (2) whole cell-based assays.

As an efflux transporter, functional BSEP proteins are localized on 
the canalicular membrane. Before inserted into canalicular mem-
branes or immediately following internalization, BSEP proteins are 
present in small membrane vesicles within the cytoplasm. Two 
types of assays, i.e., vesicular transport [98–102] and ATPase assays 
[103], have been established based on vesicular membranes pre-
pared from BSEP-expressing cells. Membrane fractions prepared 
from BSEP-expressing cells contain three types of membrane 
structures: (1) vesicles that originated from plasma membranes 
containing BSEP proteins in the right orientation, called right- 
side- out vesicles; (2) vesicles derived from intracellular membranes 
containing BSEP proteins in an orientation opposite to those on 
cell surface, called inside-out vesicles; and (3) open membrane 
fragments that originated from either plasma or intracellular mem-
branes. Not all three membrane structures are employed in vesicu-
lar membrane-based assays. Inside-out vesicles are exclusively used 
for vesicular transport assays while ATPase assays involve both 
inside-out vesicles and open membrane fragments. It should be 
pointed out that the presence of right-side-out vesicles in the vesic-
ular membrane preparations does not seem to interfere with either 
assay.

Vesicular transport is one of the most widely used assays for in vitro 
screening of drugs or compounds [77, 98, 99]. In inside-out vesi-
cles, BSEP substrate and ATP binding sites are located on the outer 
face of the vesicle. Thus, vesicular transport is carried out similarly 
to transporter uptake assays, with the substrates being translocated 
from the reaction medium to the inside of the vesicle in the pres-
ence of ATP. The assays can be carried out in two formats, directly 
or indirectly. Direct vesicular transport assay is designed to screen 
BSEP substrates while indirect vesicular transport assay is format-
ted to screen both BSEP inhibitors and substrates in the presence 
of a standard BSEP substrate or probe.

Most commonly used vesicular membranes are prepared as 
crude membranes from either liver tissues [100–102] or BSEP- 
overexpressing cells [5, 13, 70, 96, 103–106]. For preparation of 
membrane vesicles from human or rodent liver, liver tissues are 
homogenized, followed by isolation of crude membrane fractions 
through a series of differential centrifugations. Canalicular mem-
brane fractions can be further purified by sucrose gradient centrifu-
gations. Insect cells overexpressing BSEP, such as Spodoptera 
frugiperda 9 (sf9) and sf21, are the most commonly used host cells 
for preparing BSEP-containing vesicular membranes [5, 13, 70, 
106, 107], and are currently commercially available from different 

2.1 Vesicular 
Membrane-Based 
Assays

2.1.1 Vesicular Transport 
Assays
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vendors. Other host cells including various mammalian cell lines 
overexpressing BSEP have also been used to prepare BSEP- 
containing vesicular membranes, such as HEK, CHO, LLC-PK1, 
MDCK, and HeLa cells [13, 96, 104, 105, 108]. Overexpression 
of BSEP in insect sf9 or sf21 cells is achieved by infection of the 
cells with human BSEP cDNA-containing baculoviruses. In mam-
malian cells, BSEP is overexpressed by either transient transfection 
(transduction) or stable expression of BSEP. For preparation of 
vesicular membranes from cell lines, BSEP-expressing cells are 
homogenized and crude membrane fractions are collected after 
removing nuclear, mitochondrial and other cell debris with cen-
trifugation. The crude membrane suspensions are then passed 
through a 27-gauge needle to facilitate the assembly of membrane 
vesicles from open membrane fragments. The vesicle suspension 
can be used immediately or stored at −80 °C.

BSEP activity in the vesicles is directly impacted by the expres-
sion levels of BSEP and the composition of the membranes. Vesicles 
isolated from liver tissues contain physiologically relevant levels of 
BSEP proteins while the BSEP protein levels in vesicles prepared 
from cell lines overexpressing BSEP vary widely depending on the 
host cells and overexpression approaches. Compared to mamma-
lian cells, insect sf9 or sf21 cells express much more abundant 
BSEP protein due to the use of a strong promoter derived from 
baculovirus. BSEP protein levels in vesicles prepared from stable 
BSEP-expressing cells are relatively higher than in vesicles isolated 
from transient transfected cells and are relatively consistent from 
batch to batch. The compositions of vesicular membranes differ 
among vesicles prepared from liver tissues, insect cells, or mam-
malian cell lines. Vesicular membranes from insect cells contain less 
cholesterol. Studies have shown that the cholesterol content of the 
vesicular membranes has marked effects on BSEP activity [107, 
109]. The changes in membrane fluidity due to difference in cho-
lesterol content are speculated to be the possible reason for the 
effects on BSEP activity.

Vesicles prepared from liver tissues contain many other mem-
brane transporters in addition to BSEP, which may complicate the 
interpretation of the screening results. Lack of BSEP specificity 
coupled with the complexities in preparing the vesicles from liver 
tissues limits their utility as routine screening assays. Therefore, 
vesicles with high levels of BSEP protein that are isolated from 
insect cells using a relatively simple production procedure have 
become the most commonly used reagent for routine screening of 
BSEP inhibitors.

Before carrying out the indirect (inhibition) vesicular trans-
port assays, direct (uptake) vesicular transport assays with a stan-
dard BSEP substrate or probe are usually performed to establish 
the optimal assay conditions, including appropriate vesicle concen-
trations, incubation time linearity and substrate concentrations. 
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For performing the inhibition vesicle transport assays, vesicles are 
incubated with increasing concentrations of test drugs or com-
pounds in the presence of the BSEP substrate taurocholate (radio-
labeled or cold) for a predetermined period of time. Since ATP is 
required for BSEP to transport taurocholate, ATP is also added 
into the incubation buffer. Parallel assays with AMP in the incuba-
tion buffer are included in the experiments to serve as negative 
controls to evaluate possible passive diffusion, non-BSEP related 
transport and nonspecific binding of the test drugs or compounds 
to the vesicles. A positive control of BSEP inhibitors, such as cyclo-
sporin A and ketoconazole, should be included in the assays. The 
reactions are stopped by adding 3× reaction volume of cold buffer. 
Vesicles are retained through filtration with glass or membrane fil-
ters. The amount of taurocholate inside the vesicles is quantified by 
liquid scintillation counter for radiolabeled taurocholate or 
LC-MS/MS for cold taurocholate.

Inhibition potencies of the test drugs or compounds on BSEP 
activity are determined by the reduction of taurocholate uptake 
into the vesicles in the presence of the test drug or compound. 
ATP-dependent uptake activity (active transport) is calculated by 
subtracting the uptake activity with AMP (passive diffusion) from 
uptake activity with ATP. The IC50 is calculated from the percent-
age activity remaining using commercially available curve fitting 
software.

The advantages of vesicular transport assays are multifold. The 
assay is relatively simple to carry out and can be run in a high- 
throughput format, such as in a 96-well plate. It is also advanta-
geous that the assays directly measure the actual disposition of the 
substrates across the cell membrane. However, the assay is not suit-
able for screening drugs or chemical compounds with medium to 
high passive permeability, which will not be well retained inside the 
vesicles. In addition, high nonspecific binding of some test drugs 
or compounds in this assay can potentially be problematic, indicat-
ing the importance of appropriate controls in the assays.

As an ATP-binding cassette (ABC) transporter, BSEP requires 
ATP as an energy source to transport its substrates. Substrate bind-
ing to BSEP activates the ATPase enzyme to hydrolyze ATP, releas-
ing energy and inorganic phosphate. Inorganic phosphate can be 
detected by a simple colorimetric reaction. The amount of inor-
ganic phosphate released is directly correlated to the BSEP activity. 
BSEP proteins in both inside-out vesicles and open membrane 
fragments contribute to the ATPase activity detected [103]. Since 
high levels of BSEP expression is required for carrying out the 
assays, crude vesicular membranes prepared from insect cells are 
preferred over preparations from liver tissues or mammalian cells. 
However, vesicular membranes prepared from insect cells contain 
less cholesterol which has a negative impact on the ATPase activity 

2.1.2 ATPase Assays
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of BSEP. Studies showed that modification of insect cell-derived 
vesicular membranes by cholesterol loading during the preparation 
decreases the basal ATPase activity and enhances substrate- 
stimulated ATPase activity of BSEP [110]. Therefore, cholesterol- 
loaded membranes from insect cells are commonly used for the 
ATPase assays.

Similar to vesicular transport assays, ATPase assays can be per-
formed in both direct (activation) and indirect (inhibition) for-
mats. It is not uncommon that both activation and inhibition 
assays are carried out in parallel. ATPase activation detected in the 
direct assays indicates that the test drug or compound is a substrate 
of BSEP. The inhibition of ATPase activity detected in the indirect 
assays indicates that the test drug or compound is either a slowly 
transported substrate or inhibitor of BSEP. Prior to carrying out 
the assays, optimal assay conditions should be established with the 
standard BSEP substrate taurocholate or taurochenodeoxycholate 
to obtain the best signal-to-noise ratio, including membrane vesi-
cle protein contents, ATP concentrations and reaction times.

For the inhibition assays, vesicular membranes are incubated 
with increasing concentrations of test drugs or compounds in the 
presence of a standard BSEP substrate (activator), taurocholate or 
taurochenodeoxycholate, for a defined period of time. The reac-
tions are stopped by adding 12% sodium dodecyl sulfate. 
Appropriate controls should be included in the assays. First, due to 
some contaminated inorganic phosphate in assay suspension and 
presence of nonenzymatic ATP hydrolysis, the baseline organic 
phosphate levels should be detected and subtracted from the total 
ATPase activity. Second, some ATPase activities unrelated to BSEP 
are always present in membrane preparations. A background con-
trol for baseline ATPase activity of the host cell membranes should 
be included and subtracted from the total ATPase activity. Third, 
as an ABC transporter, BSEP ATPase activity is effectively inhib-
ited by orthovanadate. Membrane preparations often contain a 
small amount of orthovanadate-insensitive ATPase activity. 
Detection and subtraction of the orthovanadate-insensitive ATPase 
activity is essential. Fourth, a positive control with known BSEP 
inhibitor, such as cyclosporin A, should be included in the assays.

The advantages of the ATPase assay include its feasibility for 
high-throughput screening, its great reproducibility, and its ability 
to evaluate test drugs or compounds with medium to high perme-
ability. In addition, no radiolabeling of the BSEP probes and test 
drugs or compounds are required. However, the ATPase assay is an 
indirect method and does not provide precise information on the 
transport rate of the substrates. The assay is not BSEP ATPase- 
specific and membrane vesicles containing other ATPase-related 
proteins result in a high assay background. In addition, test drugs 
or compounds that are slowly translocated by BSEP often give a 
false negative reading due to such a slow rate of ATP hydrolysis 
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that the inorganic phosphate released is too low to be detected by 
the assay.

Taken together, both vesicular transport and ATPase assays 
have advantages and limitations. Therefore, in some cases, use of 
both assays is required to accurately assess the BSEP transport and 
inhibition profiles of the test drugs or compounds.

In hepatocytes, bile acid uptake is mediated primarily by the baso-
lateral membrane transporter sodium/taurocholate cotransporting 
polypeptide (NTCP) and excreted by the canalicular efflux trans-
porter BSEP. Cell-based assays provide much more accurate pre-
diction than vesicular membrane-based assays alone. The results 
derived from the cell-based approaches are more relevant pharma-
cologically and toxicologically to the status in vivo. In addition, 
cell-based assays also allow for investigating the inhibitory effects 
of test drug or compound’s metabolites on BSEP activity and biliary 
bile acid excretion. Currently, several cell-based assays with distinct 
features and applications are established using either BSEP-
overexpressing cell lines or primary hepatocytes. Primary hepato-
cytes are still the gold standard for evaluating a drug or compound’s 
inhibitory effects on BSEP activity and biliary bile acid excretion. 
There are three main types of assay formats that use hepatocytes, 
including hepatocytes in suspension, sandwich cultured hepato-
cytes, and hepatocytes in coculture.

Transient or stable BSEP-overexpressing cells are used in this assay. 
The assay can be run in both direct and indirect format. The direct 
(transport) assay is carried out to screen whether the test drugs or 
compounds are BSEP substrates while indirect (inhibition) assays 
are run to determine whether test drugs or compounds inhibit 
BSEP mediated transport of its substrate or probe [104, 105, 
111]. Cells are seeded in transwell plates with a permeable mem-
brane insert. After cultured for a couple of days allowing cells to 
form tight junction, those cells are polarized with apical membrane 
exposing to the upper compartment while the basolateral mem-
brane exposing to the lower compartment. For screening the 
potency of test drugs or compounds for inhibiting BSEP activity, 
test drugs or compounds at various concentrations are added into 
the lower compartment medium containing the standard BSEP 
substrate taurocholate (radiolabeled or cold). The amount of tau-
rocholate in the upper compartment medium over time is deter-
mined by liquid scintillation counter for radiolabeled taurocholate 
or by LC-MS/MS for cold taurocholate. The inhibition potency of 
the test drug or compound is calculated by the reduction of trans-
ported BSEP substrate taurocholate in the presence of the test 
drug or compound. The IC50 values are determined with various 
concentrations of the drugs or compounds tested.

2.2 Whole Cell- 
Based Assays

2.2.1 BSEP- 
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The assay is a useful tool to screen drugs or compounds for 
BSEP substrates with medium or high membrane permeability. 
However, the assay is not suitable for screening test drugs or com-
pounds with low or little membrane permeability. Most of the 
BSEP-overexpressing cells are not suitable for the inhibition assays 
since uptake of BSEP substrate taurocholate is minimal in those 
cell lines due to low or no expression of bile acid uptake transport-
ers. To overcome such limitation, cell lines overexpressing both 
BSEP and NTCP have been generated. In those double-transfected 
cells taurocholate is rapidly taken up. Currently, two such cell lines 
have been established including HeLa and LLC-PK1 cells [104, 
108]. Since both HeLa and LLC-PK1 host cells are not liver- 
derived and lack hepatic metabolic enzymes, use of these cells is 
limited to investigating the effects of the parental drugs or com-
pounds but not the drug or compound metabolites.

Hepatocytes have been widely used for assessing various liver func-
tions including drug uptake, metabolism, clearance, and drug- 
mediated modulation of gene expression. However, hepatocytes in 
suspension are not considered a good model for evaluating cana-
licular bile acid excretion since BSEP protein and other transport-
ers on the canalicular membrane are internalized upon isolation. 
Currently, it is still debatable whether BSEP protein is expressed 
on the cell surface of hepatocytes in suspension. However, recent 
studies using hepatocytes in suspension demonstrated that bile 
acids were taken up and effluxed to the medium [65, 112]. Using 
this model, drugs to cause cholestatic injury were found to inhibit 
bile acid efflux and the data generated correlated well with the 
results from studies using other methods, thus providing a valida-
tion for using hepatocytes in suspension for evaluating biliary bile 
acid excretion.

The assay is relatively easy to carry out. Freshly isolated or 
cryopreserved hepatocytes are incubated in suspension with 
increasing concentrations of test drugs or compounds in the pres-
ence of a BSEP substrate (CA or CDCA), for a defined period of 
time. Bile acids (CA or CDCA) are taken up by hepatocytes and 
conjugated with taurine or glycine within the cells. Newly conju-
gated cholic acid or chenodeoxycholic acid are not membrane per-
meable and are excreted into the medium by active transporters, 
including BSEP. The amounts of conjugated bile acids in the 
medium are quantified by LC-MS/MS. The reduced efflux rates of 
conjugated bile acids in the presence of test drugs or compounds 
indicate the inhibitory effects of the test drugs or compounds on 
biliary bile acid excretion.

The advantages of the assay include its easiness to perform, 
short period of hepatocyte culturing, and its ability to be run in a 
high-throughput format. However, the assay is still not thoroughly 
validated. In addition, the assay by no means is BSEP-specific 
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because other hepatic transporters may also be involved in efflux of 
conjugated bile acids.

Sandwich cultured hepatocytes are well-established and widely 
used for evaluating biliary excretion of bile acids [62, 64, 113–
121]. The assay mimics most closely the biliary clearance of bile 
acids in vivo. Primary hepatocytes freshly isolated or cryopreserved 
from human or animals can be used in the assay. Upon isolation 
and cultivation in regular culture, hepatocytes lose certain charac-
teristic functions and structural features, such as reduced hepatic 
transporter expression, decreased metabolism capacity, and failure 
to form canalicular structure. However, when cultured between 
two layers of gelled collagen (sandwich) for extended period of 
time (3–10 days depending on the species), hepatocytes retain or 
regain many in vivo functional and structural features, including 
improved transporter and metabolism enzyme expression, pro-
longing survival in vitro, retained cuboidal morphology and polar-
ization of canalicular and basolateral membrane, and formation of 
functional bile networks (canaliculi).

The ability of sandwich cultured hepatocytes to form func-
tional canalicular network and retain canalicular expression of 
BSEP makes the assay a unique tool to evaluate biliary excretion of 
test drugs or compounds and their ability to inhibit biliary excre-
tion of BSEP substrates. Substrates transported by BSEP are accu-
mulated in the canalicular network and can be quantified by 
modulating the tight junctions using medium with or without Ca2+ 
[122, 123]. In the presence of Ca2+, sandwich cultured hepato-
cytes develop tight junctions to form canaliculi. However, when 
replaced with Ca2+-free medium or buffer, the tight junctions 
between hepatocytes fragment and the BSEP substrates in the 
canaliculi are released.

Freshly isolated or cryopreserved hepatocytes are cultured on 
collagen I coated plates, and then overlaid with a Matrigel matrix. 
Canalicular networks normally take 3–10 days to form depending 
on the species and should be morphologically confirmed under 
reverse phase contrast microscopy or high-content imaging. After 
formation of canalicular network, either biliary excretion assays or 
excretion inhibition assays can be carried out. For excretion inhibi-
tion assays, test drugs or compounds can be either preloaded or 
incubated together with a BSEP substrate probe. Briefly, sandwich 
cultured hepatocytes are preincubated with Hanks’ balanced salts 
solution (HBSS) containing Ca2+ (maintaining tight junctions and 
canalicular network) or Ca2+-free HBSS (disrupting tight junctions 
and opening canaliculi) in the absence or presence of increasing 
concentrations of test drugs or compounds for 10 min. Following 
the preincubation, cells are incubated with the BSEP substrate 
taurocholate (radiolabeled or cold) in the presence or absence 
of increasing concentrations of test drugs or compounds in 
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 Ca2+-containing HBSS for a predefined period of time (normally 
no longer than 30 min). The transport process is stopped by wash-
ing the cells with an ice-cold buffer. Cells are lysed for BSEP sub-
strate quantitation by scintillation counting for radiolabeled 
taurocholate or LC/MS/MS for cold taurocholate. The excretion 
rate of taurocholate is determined by the difference between the 
Ca2+ buffer (intracellular and canalicular taurocholate) and Ca2+-
free buffer (intracellular taurocholate). The biliary excretion index 
(BEI) is calculated using the percentage of a test compound 
excreted in the canalicular pocket compared to the total amount in 
both intracellular and canalicular compartments. The inhibitory 
effects of a test drug or compound on biliary excretion of tauro-
cholate are determined by the difference in the absence and pres-
ence of the test drug or compound. The IC50 values are calculated 
based on the regression of BSEP substrate biliary clearance over 
several test- compound concentrations.

As the gold standard for evaluating the inhibitory effects of 
test drugs or compounds on biliary bile acid excretion, sandwich 
cultured hepatocyte assays have several advantageous features. 
First, the assays most closely mimic the biliary excretion of bile 
acids in vivo, providing a more accurate prediction of the inhibi-
tory activities of the test drug and compound in vivo. Second, 
since sandwich cultured hepatocytes largely maintain the metabolic 
function, the assays can evaluate the inhibitory effects of both par-
ent drugs or compounds and their metabolites. Third, the assays 
have the ability to evaluate the combined effects of the test drugs 
or compounds on BSEP activity as well as on BSEP expression if 
the drugs or compounds have modulating effects on BSEP expres-
sion (see BSEP expression-associated methods).

However, several limitations have to be considered in perform-
ing the assays and interpreting the data. First, a test drug or com-
pound may inhibit BSEP substrate uptake and such effects should 
be determined by comparing the BSEP substrate uptake in the 
absence and presence of the test drug or compound. Second, the 
canalicular network may gradually be reestablished during the 
incubation period after preincubation in Ca2+-free buffer. Thus 
measurable substrate may begin to accumulate in canaliculi during 
the incubation period with Ca2+-containing HBSS. Third, the cul-
ture medium of sandwich cultured hepatocytes is usually supple-
mented with cytokines to improve cell survival. It is possible that 
those cytokines have measurable effects on BSEP transcription and 
cell surface expression [124], which may complicate the interpreta-
tion of the data. Fourth, certain test drugs or compounds may 
damage the canalicular network. The integrity of the cell morphol-
ogy and canalicular network should be closely monitored and the 
testing concentration range should be adjusted accordingly. Fifth, 
although BSEP is the major bile acid efflux transporter, other 
hepatic transporters at both canalicular and basolateral membranes 
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are also involved in certain bile acids transport. Therefore, strictly 
speaking, the sandwich cultured hepatocyte assay is not BSEP- 
specific. Using other transporter-specific inhibitors or hepatocytes 
from gene-knockout animal may overcome this limitation.

Another cell model for liver is cocultured hepatocytes with stromal 
cells or fibroblasts [125–127]. Micropatterned hepatocytes grow 
as hepatocyte islands which are surrounded by supportive stromal 
cells or fibroblasts, a characteristic architecture of liver tissue. The 
advantage of this approach is that co-culture of supportive stromal 
cells or fibroblasts improves hepatocyte longevity and functions for 
up to 4 weeks [128]. Currently, the assay reagents are commer-
cially available as HepatoPac from Hepregen. It combines the 
B-CLEAR technology [121] and transporter certified human 
hepatocytes with HepatoPac micro-patterned co-cultures. Similar 
to sandwich cultured hepatocyte, a functional canalicular network 
is formed in the hepatocyte islands and biliary excretion of bile 
acids can be evaluated by the assay. After establishment of canalicu-
lar network, the inhibitory effects of test drugs or compounds on 
biliary bile acid excretion are evaluated in the presence of increas-
ing concentrations of test drugs or compounds and BSEP substrate 
probe taurocholate (radiolabeled or cold). Decreased efflux of tau-
rocholate into the canalicular pockets represents the inhibitory 
activity of the test drugs or compounds on biliary bile acid excre-
tion. BEI and IC50 values are calculated as described in sandwich 
cultured hepatocyte assays. Due to the relative complexity of the 
approach, the assay has not been widely used for evaluating the 
cholestatic potentials of test drugs or compounds.

3 Methodology Based on Repression of BSEP Transcription

BSEP expression is transcriptionally regulated through several sig-
naling pathways, notably the farnesoid X receptor (FXR) pathway 
[129–133]. Activation of FXR by bile acids induces BSEP expres-
sion [129, 130]. Such feed-forward regulation of BSEP by bile 
acids/FXR is the main mechanism by which hepatic bile acid 
homeostasis is maintained, preventing excessive accumulation of 
bile acids in the liver. Drugs or compounds that act as FXR antago-
nist or weak agonist have the potential to repress BSEP expression 
causing DILI. For example, the antidiabetic drug troglitazone, 
which causes DILI and was withdrawn from the market, acts as a 
weak agonist of FXR and antagonizes bile acid-mediated activation 
of FXR, repressing BSEP expression [78]. Estrogen 17β-estradiol- 
mediated repression of BSEP expression contributes to the patho-
genesis of intrahepatic cholestasis of pregnancy [79]. Studies also 
show that repression of BSEP expression is a possible mechanism 
for drug-induced cholestasis [81, 82]. Drugs with dual inhibitory 
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effects on BSEP activity and expression are often associated with 
severe clinically reported DILI [82]. Several in vitro methods have 
been reported to screen drugs or compounds with potential for 
repressing BSEP expression, including FXR antagonism-based 
reporter assays [78, 79, 134, 135], real-time PCR [78, 79, 82], 
and Western blotting [79, 82, 91, 136].

The human or rodent BSEP approximate promoter, located usu-
ally 2–2.5 kb upstream of the transcription start site, is cloned into 
a luciferase reporter vector, such as the GL4.10 vector [134, 135]. 
The native BSEP promoter contains two FXR responsive elements, 
which exhibit FXR isoform-specificity in human, but not rodent, 
BSEP [135]. In the presence of FXR, drugs or compounds with 
FXR agonistic activity induce BSEP transcription, increasing lucif-
erase expression and activity. In contrast, drugs or compounds 
with FXR antagonistic activity repress BSEP transcription, decreas-
ing luciferase expression and activity. The effects of test drugs or 
compounds on FXR-mediated transcription of BSEP promoter are 
evaluated in the absence and presence of a standard FXR agonist, 
such as the most potent endogenous FXR agonist chenodeoxycho-
lic acid or potent synthetic FXR agonist GW4064. The reporter 
assays can be performed in 24-, 48-, or 96-well plate formats.

Human hepatoma cell line Huh 7 cells are commonly used as 
host cells to carry out the assays [78, 79, 134, 135]. The BSEP 
promoter reporter is transiently cotransfected with the FXR plas-
mid and the null-Renilla luciferase plasmid as an internal control, 
followed by incubation of the transfected cells overnight. The next 
day, transfected cells are treated with increasing concentrations of 
test drugs or compounds in the absence and presence of chenode-
oxycholic acid or GW4064. After treatment for a defined period 
(usually 24–48 h), dual luciferase reporter assays are performed. 
Luciferase activities are measured using a Luminometer. The firefly 
luminescence is normalized based on the Renilla luminescence sig-
nal and the ratio of treatment over control serves as fold activation. 
Both half maximal effective concentration (EC50) for FXR agonis-
tic activity and IC50 for FXR antagonistic activity are determined 
with data from several concentrations of test drugs or compound.

Real-time PCR assay is carried out to detect and quantify BSEP 
mRNA levels following treatment of cells with test drugs or com-
pounds [78, 79, 82]. Both primary hepatocytes (human or rodents) 
and hepatocyte-derived cell lines can be used for the assays. Among 
cell lines, endogenous BSEP expression levels vary significantly. 
Huh 7 cells express more abundant BSEP than other cells such as 
HepG2 and are commonly used for the assay. Huh 7 cells or pri-
mary hepatocytes seeded in 12-well plates are treated with increas-
ing concentrations of test drugs or compounds for 24–48 h in the 
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absence or presence of a BSEP expression inducer,  chenodeoxycholic 
acid or GW4064. Total RNAs are isolated from treated cells and 
subjected to synthesis of the first strand cDNA with random prim-
ers and reverse transcriptase. Real-time PCR assays using BSEP-
specific probes or primers are carried out. The expression levels of 
housekeeping genes serve as internal standards. Commonly used 
housekeeping genes include glyceraldehydes-3-phosphate dehy-
drogenase (GAPDH), β2-microglobulin, β-actin or 18S rRNA. At 
least two internal standard genes should be included in the assays 
to improve the accuracy and reproducibility of the assays. The 
expression levels of BSEP mRNA are determined and normalized 
against the expression levels of internal standard genes. The values 
of EC50 and IC50 of the test drugs or compounds are calculated 
based on the results with various concentrations of the test drugs 
or compounds.

Cells treated with test drugs or compounds as described in real- 
time PCR assays are lysed and crude membrane fractions are pre-
pared through differential centrifugation, which are then subjected 
to Western blotting [79, 82, 91, 136]. After transfer, the mem-
brane is split and the top portion is blotted for BSEP (~175 kDa) 
with anti-BSEP antibodies and the bottom portion is blotted for 
housekeeping proteins such as GAPDH (37 kDa) or β-actin 
(42 kDa) with anti-GAPDH or b-actin antibodies. BSEP and 
housekeeping proteins are quantified by densitometric analysis. 
The expression levels of housekeeping genes are used to normalize 
BSEP expression. The values of EC50 and IC50 of the test drugs or 
compounds are determined.

Among the three assays for BSEP transcription and expression, 
FXR antagonism-based BSEP promoter reporter assay is most suit-
able for screening large numbers of test drugs or compounds since 
the assay is relative simple and can be formatted in a high- 
throughput fashion. However, the modulating effects of test drugs 
or compounds detected in the assay may not accurately reflect their 
effects on endogenous BSEP expression. On the other hand, real- 
time PCR and Western blotting are relatively complicated and 
time-consuming, thus limiting their use in the initial screening of a 
large sample of drugs or compounds. However, both assays directly 
measure the modulating effects of the test drugs or compounds on 
endogenous BSEP expression. They are thus physiologically and 
pharmacologically more relevant than BSEP promoter reporter 
assay. Therefore, it is recommended that BSEP promoter reporter 
assay is performed for initial screening while real-time PCR and 
Western blotting are carried out to confirm the modulating effects 
of the drugs or compounds detected by the BSEP promoter 
reporter assay.

3.3 Western Blotting
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4 Methodology Based on Cell Surface Expression of BSEP Protein

As a canalicular membrane transporter, BSEP expression levels on 
the canalicular membrane dictate biliary excretion of bile acids. 
BSEP deficiencies due to mutations cause inherent as well as 
acquired forms of cholestasis [11–32]. A common feature of these 
BSEP mutations is the reduction or total loss of BSEP protein 
expression at the canalicular membrane while BSEP function may 
not be affected [17]. For example, BSEP V444A variant, a com-
mon mutation associated with PFIC2, intrahepatic cholestasis of 
pregnancy, and drug-induced cholestasis, exhibits markedly 
reduced canalicular membrane expression while its activity is nor-
mal [31]. The clinical severity of these mutations tends to correlate 
inversely with the amount of BSEP protein expressed on the cell 
surface [89].

Consistent with reduced canalicular membrane expression of 
BSEP in cholestatic patients, decreased expression of BSEP protein 
at the canalicular membrane is also a characteristic of experimental 
cholestasis induced by estradiol-17β-d-glucuronide [93], tauro-
lithocholic acid [92] or cyclosporine A [90] in rodents. Upon 
treatment with those cholestatic agents, BSEP protein is redistrib-
uted from canalicular membrane to the subapical cytoplasm. 
Conversely, ursodeoxycholic acid [137], 4-phenylbutyrate [138–
140], and silymarin [141] exert their anticholestatic effects through 
enhancing cell surface expression of BSEP protein.

Under physiological conditions, the cell surface expression 
level of BSEP protein is maintained through a recycling mecha-
nism, a balance between membrane insertion and internalization 
of BSEP protein [86, 87]. Membrane localization of BSEP protein 
is regulated through various posttranslational processes including 
glycosylation [142], phosphorylation [143] and ubiquitination 
[144, 145]. Drugs or compounds that modulate any of those post-
transcriptional processes have significant impact on the cell surface 
expression of BSEP, potentially causing DILI. Several in vitro 
methods are currently available to screen drugs or compounds 
with potential for reducing cell surface expression of BSEP pro-
tein, including Western blot following biotin labeling, flow cytom-
etry, and immunofluorescence.

Primary hepatocytes or Huh 7 cells are treated with increasing 
concentrations of test drugs or compounds for 24–48 h in the 
absence or presence of a BSEP inducer, chenodeoxycholic acid or 
GW4064. Cell surface proteins are labeled with membrane- 
impermeable biotin [89, 108, 138, 144]. After cells are lysed, 
biotin- labeled proteins are captured with immobilized streptavidin 
beads. The captured proteins are released from the beads with an 
elution buffer and subjected to Western blotting using anti-BSEP 
antibodies. The cell surface expression of a housekeeping gene 
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Na/K-ATPase is detected as an internal control. Protein bands on 
the Western blot are quantified by densitometric analysis. BSEP 
protein expression levels are normalized with Na/K-ATPase 
expression. The inhibitory effects are determined by the reduction 
of BSEP protein levels in the presence of the test drug or com-
pound. The values of IC50 are calculated.

Flow cytometry is a well-established tool for the reliable detection of 
cell surface proteins or markers [146, 147]. The assay has not been 
widely used for the detection of cell surface expression of BSEP. The 
assay can be carried out in primary hepatocytes or cell lines such as 
Huh 7 cells. Cells are treated with various doses of test drugs or com-
pounds for 24–48 h in the absence or presence of a BSEP inducer, 
chenodeoxycholic acid or GW4064. Single cell suspensions are pre-
pared with one of the following methods, using cell scraper, EDTA 
solution, trypsin digestion or commercial cell detachment solution 
(such as Accutase solution from Bio-Rad). The advantages of using 
EDTA solution or cell scraper to detach cells from the plates and 
making single cell suspensions include preservation of BSEP antige-
nicity. However, some of the cells are physically damaged during 
preparation. On the other hand, digestion with trypsin or cell detach-
ment solution has little damage to the cells. However, the antigenic-
ity of BSEP protein may be compromised by the enzyme digestion. 
Therefore, preliminary experiments for testing those methods should 
be carried out in untreated cells to determine the appropriate meth-
ods for preparing single cell suspension. Cells are stained with BSEP-
specific, fluorescein isothiocyanate (FITC)-labeled antibodies or with 
unlabeled primary anti-BSEP antibodies, followed by staining with 
FITC-labeled secondary antibodies. After extensive washing away 
unbound antibodies, cell suspensions are subjected to flow cytometry 
analysis. For short-term storage, cells can be fixed in 1% paraformal-
dehyde and flow cytometry analyses of the fixed cells should be car-
ried out within 24 h after fixation. The inhibitory activity of the test 
drug or compound is determined by the reduced fluorescence stain-
ing in the presence of the test drug or compound. The IC50 values are 
calculated.

It should be noted that several factors can interfere with the 
results of the assays. First, cell death should be minimized during 
the procedure since dead cells can produce artifacts due to nonspe-
cific binding and increasing autofluorescence levels. Second, nega-
tive controls should be included without staining to eliminate 
possible autofluorescence of the cells. Third, to eliminate the pos-
sible effects of nonspecific antibody binding, normal IgG or non-
immunized serum should be included as negative controls for 
primary or secondary antibodies. In addition, appropriate dilution 
of the primary and secondary antibodies should be determined to 
achieve the highest signal-to-noise ratio prior to the assay 
application.

4.2 Flow Cytometry 
Analysis
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This assay has been used to detect canalicular membrane expression 
of BSEP [85, 108, 148–150]. Both primary hepatocytes and cell 
lines such as Huh 7 cells are used for the assay. Cells are treated with 
increasing concentrations of test drugs or compounds for 24–48 h in 
the absence or presence of a BSEP inducer, chenodeoxycholic acid or 
GW4064. Cells are fixed with cold methanol or 4% paraformalde-
hyde, followed by treatment of the fixed cells with 0.05% Triton 
X-100 to permeabilize the cell membrane. The cells are incubated in 
a buffer containing primary anti-BSEP antibodies, followed by detec-
tion of primary antibodies by fluorescence- conjugated secondary 
antibodies. Nucleuses are stained with 4’,6-diamidino-2-phenylin-
dole (DAPI) or other agents. BSEP staining is visualized under a 
confocal microscope. Similar controls as described in flow cytometry 
analysis should be included in the assays.

Among the three approaches to detect cell surface expression 
of BSEP, flow cytometry analysis has long been a robust tool for 
reliable detection of cell surface proteins, and has several advan-
tages over Western blotting and immunofluorescence. First, it has 
the potential to format as a high-throughput screening assay. 
Second, the results are more quantitative and reproducible than 
Western blot and immunofluorescence. Third, the assays are rela-
tively simple and cost effective. One advantage of the immunofluo-
rescence assay is its ability to visualize the entire cellular distribution 
of BSEP protein in addition to canalicular membrane localization. 
Furthermore, high-content imaging and analysis can be applied to 
the assay, gaining additional information on cell morphology 
changes and other phenotypic perturbations by test drugs or com-
pounds [151–153].

5 Summary and Discussion

As the canalicular transporter of bile acids, impairments of BSEP 
activity and expression are implicated in various cholestatic liver 
disorders [11–32]. Compelling evidence has established that BSEP 
inhibition is one of the mechanisms for drug-induced cholestasis 
or DILI [59–77]. Screening of drug candidates or compounds 
with BSEP inhibition assays leads to early identification of drug 
candidates or compounds with cholestatic potentials in drug devel-
opment. However, the predictability for drug-induced cholestasis 
or DILI using BSEP inhibition data is characterized by high inci-
dence of false negative, with 30–40% noninhibitors of BSEP caus-
ing cholestasis or DILI [64, 72, 154]. The data indicated that 
factors or mechanisms other than BSEP inhibition are involved in 
the development of drug-induced cholestasis or DILI. Among 
other factors or mechanisms, repression of BSEP transcription, 
especially through FXR antagonism, and reduced BSEP expression 
on canalicular membrane by drugs or compounds may play 

4.3 Immuno- 
fluorescence Assays
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important roles in drug-induced cholestasis or DILI [4, 10, 78–
82, 87]. To fully understand the effects of drug candidates or com-
pounds on BSEP and consequently BSEP-associated cholestasis or 
DILI, assays for BSEP activity, transcription as well as cell surface 
expression should be carried out. Recent investigations demon-
strate that in addition to BSEP-related mechanisms, other factors 
or mechanisms, such as mitochondrial dysfunction, are also impli-
cated in the development of DILI [57, 155, 156].

Among various in vitro BSEP assays described, there are advan-
tages and limitations for individual assays (Table 1). Considering 

Table 1 

Advantages and limitations of the BSEP assays

Assays Advantages Limitations

Inhibition of BSEP activity

Vesicular transport 
assay

The assay is relatively simple to carry out 
and can be run in a high-throughput 
format. The assays directly measure the 
actual disposition of the substrates 
across the cell membranes

The assay is not suitable for 
screening drugs or compounds 
with medium to high passive 
permeability. High nonspecific 
binding of some test drugs or 
compounds can potentially be 
problematic, requiring 
appropriate controls in the assays

ATPase assay The assay is suitable for high-throughput 
screening with great reproducibility. 
The assay can be used to evaluate test 
drugs or compounds with medium to 
high permeability. No radiolabeling of 
the BSEP probes, and test drugs or 
compounds is required

The assay does not provide precise 
information on the transport rate 
of the substrates. The assay is not 
BSEP ATPase-specific since 
membrane vesicles containing 
other ATPase-related proteins 
resulting in a high assay 
background. The assay is not 
suitable for evaluating test drugs 
or compounds that are slowly 
translocated by BSEP

BSEP-overexpressing 
cells

The assay is a useful tool to screen drugs 
or compounds for BSEP substrates with 
medium or high membrane 
permeability. Cell lines overexpressing 
both BSEP and NTCP are capable of 
taking up taurocholate probe and can 
be used in BSEP inhibition assays

The assay is not suitable for 
screening test drugs or 
compounds with low or little 
membrane permeability. Most of 
the BSEP-overexpressing cells 
are not suitable for the inhibition 
assays since uptake of BSEP 
substrate taurocholate is minimal 
in those cell lines due to low or 
no expression of bile acid uptake 
transporters

(continued)
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Table 1
(continued)

Assays Advantages Limitations

Hepatocytes in 
suspension

The assay is relatively easy to carry out. It 
requires a short period of hepatocyte 
culturing. The assay can be run in a 
high-throughput format

The assay is still not thoroughly 
validated. The assay by no means 
is BSEP-specific because other 
hepatic transporters may also be 
involved in efflux of conjugated 
bile acids

Sandwich cultural 
hepatocytes

The assay is considered as the gold 
standard for evaluating the inhibitory 
effects of test drugs or compounds on 
biliary bile acid excretion. The assay 
most closely mimics the biliary excretion 
of bile acids in vivo, providing a more 
accurate prediction of the inhibitory 
activities of the test drugs and 
compounds in vivo. The assay can 
evaluate the inhibitory effects of both 
parent drugs or compounds and their 
metabolites. The assay has the ability to 
evaluate the combined effects of the test 
drugs or compounds on BSEP activity 
as well as on BSEP transcription and 
expression

Test drugs or compounds may 
inhibit BSEP substrate uptake, 
which complicates interpretation 
of the data. The supplemented 
cytokines in hepatocytes culture 
medium may have modulatory 
effects on BSEP transcription 
and cell surface expression. 
Certain test drugs or compounds 
may damage the canalicular 
network, limiting the assay to 
testing low concentrations of the 
drugs or compounds. The assay, 
strictly speaking, is not BSEP- 
specific since other hepatic 
transporters at both canalicular 
and basolateral membranes are 
also involved in certain bile acids 
transport

Hepatocytes in 
coculture

Coculture of hepatocytes with supportive 
stromal cells or fibroblasts retains the 
characteristic architecture of liver tissue, 
improving hepatocyte longevity and 
functions for up to 4 weeks

Due to the relative complexity of 
the approach, the assay has not 
been widely used for evaluating 
the cholestatic potentials of test 
drugs or compounds

Repression of BSEP transcription

BSEP promoter 
report assays

BSEP promoter reporter assay is most 
suitable for screening large numbers of 
test drugs or compounds since the assay 
is relative simple and can be formatted 
in a high-throughput fashion. It is 
recommended that BSEP promoter 
reporter assay is performed for initial 
screening

The modulating effects of test 
drugs or compounds detected in 
the report assay may not 
accurately reflect their effects on 
endogenous BSEP expression

(continued)
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Table 1
(continued)

Assays Advantages Limitations

Real-time PCR The assay directly detects the modulating 
effects of the test drugs or compounds 
on endogenous BSEP transcription with 
mRNA levels being detected. It is thus 
physiologically and pharmacologically 
more relevant than BSEP promoter 
reporter assay

The assay is relatively complicated 
and time consuming, thus 
limiting to its use in screening 
relatively small sizes of samples 
or as a confirmation assay for the 
BSEP promoter report data

Western blot The assay is physiologically and 
pharmacologically more relevant than 
the BSEP promoter reporter and 
real-time PCR assay since BSEP protein 
levels are detected

The assay is most complicated 
among the three methods. The 
success of the assay is heavily 
relied on the availability of high 
quality BSEP antibodies. The 
assay is less quantitative than the 
other two assays. It is limited to 
evaluating relatively small size of 
samples or as a confirmation 
assay for the results obtained 
with BSEP promoter report and 
real-time PCR assays

Reduction of BSEP cell surface expression

Western blot 
following 
biotin-labeling

The assay takes advantages of a strong 
interaction between biotin and 
streptavidin, which makes it possible to 
specifically isolate and enrich cell surface 
proteins

The assay is relatively complicated 
and time consuming, which 
limits its use to screening small 
number of drugs or compounds

Flow cytometry 
analysis

The assay is relatively simple and cost 
effective. It has the potential to format 
as a high-throughput screening assay. 
The results obtained from the assay are 
more quantitative and reproducible 
than western blot and 
immunofluorescence assay

The assay requires high quality 
BSEP antibodies that specifically 
recognize the extra cellular 
portion of the protein, which can 
be challenging considering that 
only small portion of BSEP 
protein is exposed on 
extracellular surface

Immunofluorescent 
assay

The assay has ability to visualize the entire 
cellular distribution of BSEP protein in 
addition to canalicular membrane. High 
content imaging can be applied to the 
assay

The assay is relatively time 
consuming and not readily for 
screening large amounts of 
samples. The assay requires high 
quality BSEP antibodies with 
high specificity
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Chapter 16

High Content Screening for Prediction of Human  
Drug- Induced Liver Injury

Mikael Persson

Abstract

High content screening (HCS) has emerged as a powerful tool for predicting drug-induced liver injury 
(DILI) in the early phases of drug discovery. It combines automated imaging with image analysis to assess 
cell health and customized parameters in a multiparametric fashion, enabling coverage over several mecha-
nisms important for DILI. In simple two-dimensional cell models, various HCS assays typically show a 
sensitivity of ~50% with a high specificity of >90%. With relatively high throughput and short turn-around 
times, this makes it ideal for early decision making in drug discovery. HCS for DILI has lately expanded 
into complex three-dimensional models to further improve predictivity. The wealth of HCS data make it 
particularly amenable for machine learning and systems biology approaches for building rational models 
for prediction of DILI.

Key words Imaging, Multiparametric, DILI, High content, Predictivity

1 Introduction

High content screening (HCS) combines automated microscopy 
with image analysis to assess biological end points ranging from 
relatively simple cell-based readouts to complex multiparametric 
phenotypes, sometimes also in heterogeneous multicell type cul-
tures. It has emerged as a powerful tool to assess spatial, temporal, 
and complex biological changes induced by small molecules, bio-
logics, or other modalities, which are typically hard to assess using 
traditional biochemical assays. HCS enables analysis not only at the 
single cell level but also on cell populations or whole organisms, 
with or without targeting of cells or areas of interest. The ability to 
acquire multiparametric information at the individual cell level aids 
in gaining more mechanistic insight into the actions of compounds 
or molecules. As more informed decisions can be made based on 
increased biological understanding, HCS has been developed into 
an important tool for predictive toxicology and safety assessments 
during early stages of drug discovery, as well as for problem solving 

1.1 Basics of High 
Content Screening
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in later stages of drug development, with several applications for 
drug-induced liver injury (DILI) [1–4].

Since HCS is based on automated imaging of cells or tissue, it 
typically makes use of fluorescent dyes or fluorescently labeled anti-
bodies to identify and quantify various biological processes, path-
ways, molecules, organelles, and other cellular functions. 
Additionally, engineered reporter cell lines can be used for assess-
ing particular pathways of interest. These tools allow the user to 
customize multiple endpoints for the biology and toxicology of 
interest, and the endpoints can be analyzed by HCS as long as they 
can be accurately imaged. The limitations of the assays are the need 
for good spectral separation in the fluorescent channels as well as 
the specificity of the probes or biosensors, and the ability of imag-
ing algorithms to accurately detect and quantify the relevant bio-
logical phenotypes. Independent of whether assays are performed 
using wide field or confocal imaging, on living or fixed cells, the 
key to successful assays is the image quality. Unlike the human 
mind, the current HCS algorithms are unable to make any infer-
ence beyond what is depicted, and thus the images must be of suf-
ficient quality such that the biological phenotypes or process of 
interest are accurately displayed.

In addition to image quality, a crucial component of successful 
application of high content analysis is the image analysis algo-
rithms. They have to produce robust data and accurately describe 
the biological phenomena or phenotypes that are subject of the 
study. Several high content imaging providers offer basic software 
for image analysis, dedicated software suits are available from inde-
pendent providers, and specific algorithms can be developed as 
stand-alone applications in existing software packages. The real 
benefit of the image algorithms is that they analyze the images in a 
truly objective manner with high content of data compared to the 
manual scoring by independent human operators. For example, a 
relatively simple multiplexed assay using four different spectrally 
separated probes can easily generate hundreds of data features 
which can be used for phenotypic profiling.

Independent on whether the data comes from simple two- 
dimensional models or three-dimensional microphysiological sys-
tems, the wealth of HCA data makes it very amenable to machine 
learning and systems biology approaches [5, 6]. A single experi-
ment may yield hundreds of parameters describing the phenotypes 
induced by compound treatment. Several of these parameters may 
be interdependent, and, when viewed as single entities they are 
potentially of relatively low own value. However, when using “big 
data” approaches typically used in other omics techniques, new 
patterns and less obvious phenotypes can emerge. Instead of 
extracting only parameters the biologist have an intrinsic under-
standing of (e.g., 4–6 parameters describing crude biology), it is 
now becoming more and more usual to extract all possible features 
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(e.g., hundreds of parameters) from an experiment in an unbiased 
manner and then sort out biological phenotypes by computational 
pattern recognition approaches. Such approaches have been suc-
cessfully used for predicting nephrotoxic toxic compounds [7] and 
is well on the way for DILI predictions.

Whereas HCS and cell toxicity can be employed to predict various 
types of animal and human toxicities and adverse effects such as 
cardiac toxicity, kidney toxicity, neurotoxicity to name a few [4], 
even showing high concordance with systemic tolerance and the 
severity of general organ toxicity [8], most validations in literature 
have been toward human clinical DILI. HCS for prediction of 
DILI in early drug discovery has evolved into a standard tool in the 
pharmaceutical industry because the commonly used end points 
are relatively sensitive, can be assessed simultaneously, and in suf-
ficient throughput to be amenable to the large amounts of com-
pounds coming out of primary efficacy screens. Typical approaches 
make use of liver-derived cell lines or primary hepatocytes and 
apply multiparametric imaging of cytotoxicity and mitochondrial 
toxicity-related end points after incubation with test article. 
Predictivity for human clinical hepatotoxicity has been established 
based on validation studies with relatively large compounds sets of 
marketed drugs with known clinical propensity for DILI. HCS 
hepatotoxicity assays typically show 40–60% sensitivity, depending 
on the endpoints assessed and concentration ranges tested, and 
>90% specificity (i.e., <10% false positives) on average [9–17]. 
These values have been confirmed across several pharmaceutical 
companies through a collaborative effort in the Innovative 
Medicines Initiative’s Mechanism-Based Integrated Systems for 
Prediction of Drug-Induced Liver Injury (IMI MIP-DILI) con-
sortium [18]. Using each company’s own version of an HCS assay 
for DILI predictions but with the very same compounds and test 
concentrations, a test set of ~90 compounds were tested across end 
points and cell models, including HepG2, HepaRG, primary 
human hepatocytes, and induced pluripotent stem cell derived 
hepatocytes. It was shown that, in a pharmaceutical industry set-
ting, most of the assays and models showed ~50% sensitivity and 
>90% specificity. Most importantly, it was shown that the pharma-
ceutical companies made the same decisions on the same com-
pounds, e.g., showing the same false positives and false negatives. 
This highlights the utility and robustness of HCS for DILI predic-
tions in early drug discovery. One of the reasons for the similar 
predictivity values is that virtually all of the HCS assays derive 
much of their predictivity from basic cell health measurements 
such as cytotoxicity and mitochondrial toxicity derived parameters. 
Although the assays do not identify all hepatotoxic compounds 
(due to for example lack of full hepatic metabolism, the absence of 
immune responses, and cell to cell contacts), the relatively high 
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throughput and low costs makes them very fit for purpose as early 
screening tools, with the high specificity ensuring that promising 
compounds are not unnecessarily discarded.

Not surprisingly, it has shown that taking the human therapeu-
tic maximum concentration (Cmax) into account greatly reduces the 
amount of false positives [9]. This fits well with the concept that it 
is the exposure that determines the toxicity, with safer compounds 
having larger safety margins. Although the Cmax is seldom known in 
early drug discovery, the safety margins from the validations can 
often be used to estimate what exposures would carry a relatively 
low risk for hepatotoxicity. Safety margins of 30–100× between 
human therapeutic Cmax and the in vitro toxicity is generally recom-
mended depending on the assay [9–11]. For the data sets in MIP- 
DILI, a safety margin of 75× was statistically found to be the most 
optimal [18]. Without accounting for Cmax as a generic guide for 
human exposures, larger validations in HepG2 typically show simi-
lar sensitivity but with more false positives [9, 16]. The HCS assays 
can be geared toward working in absence of using Cmax, but typi-
cally with a loss in sensitivity as the required safety margins need to 
be lowered.

Besides the most common HCS assay that assess cell health 
and mitochondrial parameters, there are also several other pheno-
typical screens that can predict adverse effects in the liver. HCS has 
been used for predictions of cholestasis through inhibition of cana-
licular transport through visualization of fluorescent bile salt deriv-
atives, induction of steatosis and phospholipidosis using specific 
probes, and adaptation and survival responses using reporter cell 
lines for stress signaling pathways such as Nrf2 and NFκB just to 
name a few [1, 19–21]. More endpoints related to hepatotoxicity 
should ultimately lead to increased predictivity or increased under-
standing of underlying mechanism; however, it is equally impor-
tant to include end points that rule out false positives. One such 
example is assessment of cell cycle state as otherwise compounds 
that inhibit the cell cycle progression may be mistaken for cyto-
toxic compounds when only counting nuclei [22, 23]. A list of 
some of the most popular probes for HCS assessment of DILI 
potential is presented in Table 1.

While the very early phases of drug discovery often typically 
restricts HCS screening to simple two-dimensional cell cultures 
because of the need for high throughput and rapid turnaround 
times in order to drive fast design–make–test cycles in medicinal 
chemistry, there is room for more complex and sophisticated mod-
els in later phases of the screening cascade. The less sophisticated 
models simply do not provide the same level of complexity, and 
thereby more relevance for DILI, as the more physiological models 
do. The lack of “complete” sensitivity toward DILI is most often 
attributed to lack of full physiological metabolism capacity, low 
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Table 1 
Assortment of some of the most common dyes for DILI predictions using HCS

Probe Excitation Emission Function Usage Live Fixed

Hoechst 33342, Hoechst 
33258, DAPI

350 450 Cell-permeant 
nucleic acid 
probe binding 
to the minor 
groove of 
DNA

Counting and 
morphological 
assessment of 
nuclei

X X

MitoTracker Orange 550 575 Voltage 
dependent 
mitochondrial 
dye

Assessment of 
mitochondrial 
membrane 
potential and 
amount of 
mitochondria

X X

MitoTracker Red 575 600 Voltage 
dependent 
mitochondrial 
dye

Assessment of 
mitochondrial 
membrane 
potential and 
amount of 
mitochondria

X X

MitoTracker Green 488 510 Voltage 
independent 
mitochondrial 
dye

Assessment of 
mitochondrial 
morphology and 
amount

X X

Tetramethylrhodamine 550 575 Voltage 
dependent 
mitochondrial 
dye

Assessment of 
mitochondrial 
membrane 
potential and 
amount of 
mitochondria

X

TOTO-3 640 660 Non-cell- 
permeant 
nucleic acid 
probe binding 
to minor 
groove of 
DNA

Counting of 
necrotic and late 
apoptotic nuclei

X (X)

CellROX Green 500 520 Oxidative stress 
dye which 
fluoresces 
upon oxidation

Assessment of 
reactive oxygen 
species and 
oxidative stress

X X

CellROX Orange 550 570 Oxidative stress 
dye which 
fluoresces 
upon oxidation

Assessment of 
reactive oxygen 
species and 
oxidative stress

X X

(continued)
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Table 1
(continued)

Probe Excitation Emission Function Usage Live Fixed

LipidTox Red Neutral 
Stain

575 630 Probe which 
interacts with 
neutral lipid 
droplets

Assessment of 
steatosis

X X

LipidTox Green 
Phospholipidosis Stain

495 525 Probe which 
interacts with 
phospholipid 
droplets

Assessment of 
phospholipidosis

X X

LysoTracker Green 505 510 Probe with 
affinity for 
acidic 
organelles

Assessment of 
lysosomal activity

X X

LysoTracker Red 575 590 Probe with 
affinity for 
acidic 
organelles

Assessment of 
lysosomal activity

X X

Fluo-4 495 505 Probe which 
increases 
fluorescence 
upon binding 
of Ca2+

Assessment of 
calcium 
homeostasis

X

Monochlorobimane 395 490 Probe which 
fluoresces 
upon binding 
of glutathione

Assessment of 
glutathione levels

X X

CellEvent Caspase 3/7 505 530 Peptide which 
fluoresces after 
cleavage by 
Caspase 3 and 
7

Assessment of early 
apoptosis

X X

Cholyl-lysyl-fluorescein 488 520 Fluorescent 
labeled probe 
transported by 
BSEP

Assessment of 
cholestasis 
potential through 
BSEP

X

5-Chloromethylfluorescein 
diacetate

488 520 Fluorescent 
labeled probe 
transported by 
MRP2

Assessment of 
cholestasis 
potential through 
MRP2

X

Depending on the mechanisms of interest, probes can be selected for multiparametric imaging as long as they are spec-
trally separated and methodological compatible
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tissue-like morphology, low inter cell communication, lack of 
transporters, lack of immune cells and other cell types, and limited 
possibilities for repeat-dose testing to name a few. Several more 
complex models have been generated in an attempt to correct or 
circumvent these issues. None of these systems are ideal and able 
to address all the shortcomings of the simple models, but each one 
has its own strength and weaknesses. The choice will come down 
to the mechanism which is trying to be addressed or predicted.

In vitro models constantly continue to evolve to more closely 
mimic true physiological systems that should deliver more insight-
ful and relevant information. However, as the in vitro model sys-
tems become more complex, going from three-dimensional cell 
cultures to true microphyisological systems, so does the require-
ments for imaging. Whereas HCS is relatively straightforward for 
in two-dimensional cell cultures, it is more complex and technically 
challenging in three-dimensional systems, and one is usually 
restricted to using confocal systems. Experimental challenges 
include suboptimal diffusion of probes and antibodies into the bio-
logical system, lower level of light penetration to obtain sufficient 
imaging depth, limitations in microscope z-axis travel to assess the 
entire organoid, and the need for automated targeting algorithms. 
Still, the potential for increased predictivity for DILI due to the 
higher physiological relevance continues to drive the advancement 
of HCS in complex models. While several contract research orga-
nizations offer imaging based assays in spheroids for DILI predic-
tion, there are currently not many validations in the literature. The 
concept has been shown beyond doubt in terms of enhanced func-
tional transporter expression and increased metabolic capacity, but 
due to the complexity of HCS in spheroids, most validations for 
DILI predictions are made using biochemical end points [24–27]. 
Recognized as the future of advanced phenotypical drug testing, 
three-dimensional cell cultures, microphysiological systems, and 
organ-on-a-chip models are rapidly being adopted and devel-
oped by the pharmaceutical industries for predictions of adverse 
effects, including hepatotoxicity, often with multiparametric imaging 
as an endpoint.

2 A Generalized Protocol for HCS Prediction of DILI Using Simple Cell Cultures

As there are several imaging equipment and analysis software, each 
with its own preferred ways of working, here we represent a gener-
alized protocol that can be easily adapted to each software.

The typical standard HCS assay for use in early drug discovery 
typically employs either hepatic cell lines such as HepG2 and 
HepaRG, or stem cell derived hepatocytes, or primary hepatocytes. 
This protocol will assume the use of HepG2 cells as they can be 
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argued to be the most common and cost-effective. The cells are 
typically plated in 96-well plates at 15,000 cells/well the day before 
compound addition. Care should be taken to properly separate 
cells from each other as the HCS performs best when cells are 
growing separately and in a single layer. This can be achieved by 
passing the cells through an 18 G needle prior to plating. The C3a 
clone of HepG2 has proven to be well suited for HCS since it is 
not as prone to grow in aggregates as other HepG2 clones are. 
Coated plates may help in achieving a flattened out cell morphology, 
enabling easier focusing for the imaging platform.

Compounds of interest are typically diluted in tenfold concentra-
tion response, either in multiples of known Cmax, or as is more 
usual in the pharmaceutical industry, in a fixed concentration range 
(going from low nanomolar to high micromolar) in order to be 
compliant with screening paradigms in early drug discovery. The 
duration of compound incubation is usually 24 or 72 h, but shorter 
term incubations are also possible. In general, shorter incubations 
are usually better for more mechanistic insight (e.g., mitochondrial 
perturbations) whereas longer incubations are better for assessing 
cytotoxicity related end points but with less information about the 
cause. For screening purposes, 24-h incubation time appears to be 
practical and a good compromise.

Several different probes can be used and multiplexed, with the only 
limitation that they need to be specific, preferably with a functional 
end point, and have good spectral separation. While the probes may 
be tailored to the specific biological functions of interest, almost all 
HCS assays for DILI predictions employ probes for staining the cell 
nuclei as well as potentiometric mitochondrial probes as these have 
been shown to provide the best sensitivity for DILI predictions. 
Other popular probes include the ones that target oxidative stress, 
glutathione, lysosomes, endoplasmatic  reticulum, or lipids, to name 
a few. The probes are usually mixed into a cocktail for simultaneous 
staining and direct addition into the wells. A typical set up for the 
so called Quadprobe assay [9] uses a cocktail of Hoechst 33342 
(final conc. 1.6 μM), MitoTracker Orange (final conc. 50 nM), 
LysoTracker Green (final conc. 50 nM) and TOTO-3 (final conc. 
1 μM), for multiparametric assessment of cell counts, nuclei related 
parameters, mitochondria, lysosomes, and necrosis/late apoptosis 
after 60 min of incubation at 37 °C. Care needs to be taken when 
selecting the probes. Probes for live cell imaging are typically more 
sensitive, but probes compatible with formaldehyde fixation dra-
matically increase throughput. Prior to fixation or imaging, the cells 
need to be washed with phosphate buffered saline (PBS) to limit 
the presence of unbound probes in the extracellular media. Fresh 
37 °C cell media is added and the cells are imaged directly unless 
optional cell fixation is performed.

2.2 Compound 
Addition 
and Incubation

2.3 Staining of Cells 
and Cellular 
Organelles
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Depending on whether the employed probes are compatible with 
formaldehyde fixation or not, the cells can be fixed with a 4% form-
aldehyde solution added directly into the wells, and incubated at 
room temperature for 30 min. The formaldehyde solution is then 
aspirated and the cells are washed with room temperature equili-
brated PBS. The cells can then be imaged directly or stored at 4 °C 
for up to several weeks, preferably in the dark, for later imaging.

Imaging and image analysis can be performed on separate or inte-
grated platforms. The procedure described here can be generalized 
to virtually any platform. Four channels are used for the Quadprobe 
assay [9]. For Hoechst 33342 (Ex. 350 nm–Em. 450 nm), the 
exposure should be kept low but allow clear distinction from back-
ground and stained nuclei. For MitoTracker Orange (Ex. 550 nm–
Em. 575 nm) the exposure should be set to allow both decreases 
and increases in fluorescence intensity in order to be able to assess 
both hypopolarization and hyperpolarization of the mitochondria. 
Intensities should be set according to the same principles for 
LysoTracker Green (Ex. 445 nm–Em. 505 nm). For TOTO-3 
(Ex. 640 nm–Em. 660 nm) the exposure should be set to allow 
clear distinction from normal (e.g., unstained) nuclei and nuclei in 
dead cells with lost plasma membrane integrity. A good setup is 
easily achieved using positive controls (e.g., antimycin for mito-
chondrial hypopolarization, chlorpromazine for cytotoxicity and 
loss of plasma membrane integrity). Depending on imaging plat-
form, offsets may be used to allow as focused images as possible. In 
order to achieve a good representation of the wells, it is prudent to 
acquire a minimum of 3–6 fields of view per well when using 20× 
magnification. Lesser magnification is not recommended as it does 
not allow distinction of organelles such as the mitochondria. The 
image analysis is typically set up to first detect and count nuclei to 
target the rest of the analysis. Thresholds should be set so that the 
nuclei are clearly outlined, intensity variances measureable, and 
segmentation should be performed to allow proper counting of 
nuclei localized close together. For mitochondrial parameters, the 
thresholds should be set up to clearly outline the mitochondrial 
morphology in an area either defined by the shape of the cells or an 
artificial ring (representing the cytoplasm) depending on what the 
software allows. Optimally, the algorithm should be able to assess 
both increases (mitochondrial hyperpolarization) and decreases 
(mitochondrial hypopolarization) while still being able to outline 
the mitochondrial area as a surrogate measure of the mitochondrial 
mass (see Fig. 1 for an example). The lysosomal parameters should 
be set up according to similar criteria using. For analysis of loss of 
plasma membrane integrity, the algorithm should only assess stain-
ing in the nuclei as outlined by the Hoechst stain. Imaging algo-
rithms as the one briefly outlined can easily generate hundreds or 
thousands of parameters for each cell. All of it can be used for true 

2.4 Optional Cell 
Fixation

2.5 Imaging 
and Image Analysis

High Content Imaging for DILI Predictions

minjun.chen@fda.hhs.gov



340

high content analysis, or selected parameters of high biological 
understanding may be selected for more targeted phenotypes. The 
results may then be used in connection with validation sets in order 
to predict propensity for DILI as outlined previously.

3 A Case Study

Compound X was being developed for a psychiatric indication but 
showed liver enzyme elevations in 4 week rodent toxicity studies, 
precluding it from further development. The HCS Quadprobe 
assay was employed on the compound, and it was found to cause 
mitochondrial hypopolarization and mild cytotoxicity, which had 
previously been missed in the traditional biochemical ATP assays 
where the compound appeared devoid of adverse effects. 
Compound X had a predicted human Cmax of 3 μM and could be 
plotted against other drugs with known DILI propensity and was 
shown to be in the risk zone for human DILI, confirming the 
results from the rodent studies (Fig. 2). Furthermore, Compound 
X could be phenotypically interrogated against the company’s 
database of HCS results for hundreds of compounds with known 
clinical DILI outcome in order to provide a more quantitative risk 
assessment. Compound X clustered together with efavirenz, keto-
conazole, amytryptiline, and amiodarone, and could be predicted 
to show a similar profile in terms of DILI propensity in man. An 
HCS campaign was conducted on the chemical series from where 

Fig. 1 (a)–(d) shows a typical image from a control well with staining of cell nuclei (a), mitochondria (b), the 
merged image with blue nuclei and red mitochondria (c), and image algorithm performance with nuclei out-
lined in blue, cell outlined in dark green, and mitochondria detected in green. (e)–(h) shows a similar layout but 
for a toxic compound that shows cytotoxicity by reduction of nuclei, including appearance of smaller and more 
intense nuclei, typically representing necrotic cells (e), and mitochondrial toxicity through hypopolarization, 
seen as decreased intensity (f). This appears as blue nuclei and limited red mitochondrial staining in the 
merged image (g) and apparent also in how the image algorithm analysis the image (h)
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Compound X was derived, and Compound Y was identified. 
Although not completely clean, the compound showed milder 
effects together with a slightly lower predicted Cmax, making it end 
up in the zone where compounds are predicted to be safe. 
Advancement of the compound into a 4-week rodent toxicity study 
showed that the adverse liver enzyme elevations were successfully 
mitigated.

4 Conclusions and Outlook

During the last decade, HCS has become a mainstream technique 
for predicting DILI from simple cell models, and often considered 
the gold standard for assessing cell health. Numerous studies and 
validations have shown that, using simple cell models with high 
throughput and short turnaround times, about 50–60% of com-
pounds causing DILI can be predicted with low amounts of false 
positives. As HCS moves into more complex cell models such as 
cocultures and 3D systems, there are hopes that the predictivity 
will further increase. The potential to use all phenotypic parame-
ters, ranging from hundreds to thousands depending on the setup, 
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Fig. 2 Compound X, which showed adverse liver enzyme elevations in 4 week rodent toxicity studies, is plotted 
against the zone classification system previously presented [9], and is predicted to be in a zone of populated 
only by drugs associated with clinical hepatotoxicity. Compound Y is a derived from further screening in the 
chemical series, and is predicted to be a non-liver toxic compound. The figure is adapted from the zone clas-
sification system presented in Persson et al., 2013
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is being unlocked by the power of high performance computing 
clusters, enabling more refined compound induced phenotypes, 
and hopefully more refined predictions.
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Chapter 17

Interpretation, Integration, and Implementation of In Vitro 
Assay Data: The Predictive Toxicity Challenge

Deborah S. Light, Michael D. Aleo, and J. Gerry Kenna

Abstract

Human drug-induced liver injury (DILI) is still a leading cause of attrition in drug development and for 
adverse outcomes in the marketplace. Identifying DILI risk for humans in standard animal safety testing 
conducted before clinical trials, in advance of the drug regulatory review and approval process is sometimes 
elusive. Numerous mechanisms of small molecule driven hepatotoxicity have been elucidated (e.g., reactive 
metabolite formation, oxidative stress, mitochondrial inhibition, bile salt export pump inhibition) and are 
amenable to high-throughput screening approaches. It is possible to highlight and distinguish hazard grada-
tions of risk for human DILI when these assays are consolidated into a single point of view. In some instances, 
these in vitro assays highlight the potential clinical hazard without animal safety studies confirming this view. 
Scientifically, the idea of developing a hazard matrix approach as a better option to animal studies requires a 
paradigm shift that challenges the status quo. Altering opinions and traditions to effect enduring change in this 
area require organizational effort and commitment. Utilizing a flexible, business- disciplined framework such 
as Accelerating Implementation Methodology (AIM), offers structure to implement organizational change. 
Common barriers associated with bringing lasting change are: inappropriate sponsorship (e.g., level, commit-
ment, and influence), organizational commitment, lack of understanding of organizational culture, resistance 
to change, and not identifying key stakeholders, or not hearing stakeholders’ opposing views. Given time and 
appropriate scientific evidence, a hazard matrix approach to identifying compounds with higher potential to 
cause severe DILI in the clinic can be institutionalized within the pharmaceutical industry.

Key words AIM, DILI, In vitro assays, Screening approaches

1 Paradigm Shifts in Science

The Structure of Scientific Revolutions [1] by Thomas Kuhn has 
long stood as a critical treatise on the nature of scientific progress. 
In his discourse, scientific revelation and progress is not a smooth 
and steady accumulation of knowledge and insights, but rather 
comprised of a series of mini “revolutions.” These mini revolutions 
are based on paradigm shifts in science, in which a new scientific 
thought was sufficiently unprecedented to attract a group of adher-
ents away from the competing modes of scientific activity while, 
simultaneously, it was sufficiently open-ended to leave all sorts of 
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problems for the group of adherents to resolve” ([1], p. 10) 
Paradigm shifts are new model systems or theories that seek to 
resolve old problems or inaccuracies. They inadvertently create 
new issues to resolve since they are still under investigation. The 
proverbial “problem” is how best to determine, from the existing 
facts, a new cornerstone on which one can build a new paradigm 
that further enlightens and focusses science. Paradigm shifts 
acquire their status because they are more successful than their 
previous competitors in solving problems that the group of new 
practitioners has come to realize as acute ([1], p. 23). “Though a 
generation is sometimes required to effect the change, scientific 
communities have again and again been converted to new para-
digms [with time]…. Though some scientists, particularly the 
older and more experienced ones, may resist indefinitely, most of 
them can be reached in one way or another. Conversions will occur 
a few at a time until, after the last holdouts have died, the whole 
profession will again be practicing under a single, but now differ-
ent paradigm. We must therefore ask how conversion is induced 
and how resisted” ([1], p. 152).

Even though Kuhn’s first publication regarding the philosoph-
ical treatment of scientific revolutions occurred over 50 years ago, 
the basic principles and underlying issues he identified continue to 
be relevant to change in modern day scientifically based organiza-
tions. By nature, humans are inherently resistant to the idea of 
major change (i.e., paradigm shift), so it should not be surprising 
that such change only occurs in organizations when it is recog-
nized that the need for change is greater than the need to stay the 
same.

Kuhn’s insight into the nature of scientific revolutions and 
resistance to change is especially germane to today’s issues within 
the field of discovery toxicology, where the single most important 
aim is to “predict” accurately the toxicological outcome of xenobi-
otic exposure in humans before humans are actually exposed to the 
agent. Yogi Berra purportedly quipped “It's tough to make predic-
tions, especially about the future”. Even a so-called “expert” 
requires vast amounts of knowledge and insight to make good 
“predictions” using existing tools and insight. Yet Niels Bohr cau-
tions that “an expert is a man who has made all the mistakes that 
can be made in a very narrow field”.

2 Predictions in Toxicology

In the physical sciences, predictions (like planetary movements) 
can be made with mathematical precision. Conversely, only some 
biological and toxicological responses are influenced predomi-
nantly by molecular interactions that can be assessed using  relatively 
simple in vitro model systems in isolation. A good example is the 
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use of the Ames assay to assess the in vitro mutagenic potential of 
xenobiotics [2]. A positive finding in this assay is considered by 
scientists and regulatory agencies as sufficient to identify a carcino-
genic compound, in the absence of any animal test data. In other 
cases, in silico/in vitro models can inform experimental design in 
animal or human studies, or may provide valuable supplementary 
information that can aid the interpretation of data obtained from 
directed experiments in animals or humans. An example of this 
would be investigating the translational effects of a mitochondrial 
uncoupler on animal body temperature [3].

On the contrary, the study of undesirable side effects caused by 
prescription drugs (i.e., human adverse drug reactions) is rather 
more challenging. Some adverse drug reactions can be attributed 
to exaggerated primary pharmacology (e.g., bleeding caused by 
anticoagulants, blood pressure lowering caused by antihyperten-
sives), while others arise due to off-target secondary pharmacology 
(e.g., anti-androgen-induced imbalance of estrogen/androgen 
leading to gynecomastia) [4]. However, many clinically important 
adverse drug reactions are unrelated to either primary or secondary 
pharmacology. One of the most frequent and concerning is drug- 
induced liver injury (DILI). For a few licensed drugs (e.g., acet-
aminophen), DILI is highly reproducible and dose-dependent 
(“Type A”) and occurs in both animals and humans. However, a 
retrospective analysis by numerous pharmaceutical companies of 
compounds progressed into clinical trials revealed that whereas 
mild human liver injury was evident for many different compounds, 
only 55% of compounds that caused human liver injury had caused 
liver abnormalities when evaluated preclinically using standard ani-
mal models [5, 6]. Furthermore, this analysis is likely to have 
underestimated the true frequency of this occurrence since many 
drug candidates that cause DILI in animals are not progressed into 
clinical trials. Exceptions can arise when the anticipated human 
exposure is sufficiently larger compared to minor liver effects in 
animals (e.g., mild, reversible elevations in liver transaminases 
without any corresponding histopathology changes) or the antici-
pated risk-to-benefit ratio is considered sufficient to warrant clini-
cal evaluation of the compound (e.g., oncology agents). To this 
day, human DILI continues to be an important cause of compound 
attrition early in clinical drug development [6–8].

In addition, many licensed drugs cause human DILI, yet do not 
cause adverse liver injury in nonclinical safety testing of new medi-
cines. Typically, such apparently “human specific” DILI is not 
overtly dose-dependent and occurs only rarely in humans, i.e., it is 
an idiosyncratic toxicity that arises only in certain susceptible indi-
viduals and can be detected only when large numbers of patients 
have been exposed to the culprit drug, either late in clinical develop-
ment (phase III) or after marketing approval (phase IV) [9]. Because 
idiosyncratic DILI is caused by so many different drugs, it is an 
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important cause of serious human ill health and can result in life 
threatening liver failure. In addition, idiosyncratic DILI is a leading 
cause of compound attrition in late drug development, of failed 
drug registration, of cautionary labeling and of withdrawal of previ-
ously licensed drugs. In combination, Type A and idiosyncratic 
DILI are major reasons for compound attrition due to toxicity in the 
pharmaceutical industry [8].

The risks posed by DILI can be tackled and managed in three 
distinct and complementary ways. The first is to devise and imple-
ment strategies that enable compounds with desirable efficacy and 
other properties, but only low propensity to cause DILI, to be 
designed and selected during drug discovery. This increases the 
likelihood that compounds progressed into the clinic will have 
good hepatic safety profiles. Useful methods must be able to iden-
tify compounds that can predict risk of both Type A and idiosyn-
cratic DILI with good specificity and sensitivity and be applicable 
throughout drug discovery, when chemical choices are available. 
This necessitates a major paradigm shift from use of traditional 
regulatory animal studies to evaluate human DILI risk, which is 
based on a prevailing assumption (i.e., “old paradigm”) that the 
complexity of integrated biological responses can always be mea-
sured and observed most effectively in vivo. The second way to 
tackle and manage human DILI risk is to differentiate between 
high risk and low risk patient groups and/or individuals, enabling 
targeting of potentially problematic drugs to patients most likely to 
derive clinical benefit from them as part of a personalized health-
care strategy. The third approach is to develop better ways to detect 
and manage DILI that arises in susceptible patients. Although the 
second and third approaches are outside the scope of this chapter, 
they have been reviewed by others [10].

The purpose of this chapter is to discuss how the predictive 
toxicology challenge can be tackled, to summarize the promising 
progress already made in developing a “new paradigm” which inte-
grates multiple in silico and in vitro data types, and to highlight key 
future opportunities and difficulties. In particular, we address the 
obstacles that need to be surmounted when seeking to adopt and 
implement the new paradigm within large pharmaceutical 
companies.

3 DILI In Vitro Hazard/Liability Matrix Development and Validation

Currently there is no consensus within pharma on the most appropri-
ate way to derisk DILI during drug discovery and a variety of differ-
ent approaches have been proposed. For example, Dambach et al. 
[11] described a tiered cascade developed by Bristol-Myers Squibb, 
in which initial compound screening and optimization was under-
taken using T-antigen immortalized human liver epithelial (THLE) 
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cell lines that expressed various human cytochrome (CYP) enzymes 
and in vitro toxicity testing in human hepatocytes was undertaken 
prior to compound progression [11]. Other investigators have 
described different in vitro toxicity screening approaches [12, 13] or 
have instead focused on minimization of both drug dose plus reactive 
metabolite formation [14–16]. A focus on metabolic bioactivation as 
a DILI risk factor is well justified [17], although it is important to 
recognize that DILI can also arise via other mechanisms.

A strategy developed within one leading pharmaceutical company 
(AstraZeneca) has been published in the peer reviewed scientific 
literature [18, 19] and highlights many of the issues that need to be 
incorporated and resolved when attempting to de-risk DILI in drug 
discovery. Initially, the intention of the strategy was to provide con-
sistent guidance to project teams on how best to assess and inter-
pret data on reactive metabolite formation. However, it was also 
recognized that other potentially relevant mechanisms also needed 
to be addressed, for example drug induced mitochondrial injury 
[20]. An additional important driver was that DILI and other tox-
icities were observed in animals and humans for many project com-
pounds and were a leading cause of project failure [21, 22]. 
Consequently, the goals of the strategy were to identify methods 
that could be used in drug discovery to aid selection of compounds 
with the least possible human DILI liabilities, to develop guidance 
to project teams on how best to use the methods, and in particular 
to provide quantitative criteria that could enable decisions to be 
made on whether it was appropriate to progress compounds or 
more advisable to design and select alternative molecules.

Initially, the strategy was developed with “top down” strong 
support from senior management (vice president level) in drug 
safety and drug metabolism/pharmacokinetics departments. As 
the work progressed, it became increasingly clear that medicinal 
chemists needed to be fully engaged as stakeholders and strategy 
team members. Also, open communication with all disease areas 
and their many cross-functional project teams was required. The 
final roll-out of the strategy required its endorsement by all research 
areas across global drug discovery, plus drug development. This 
necessitated detailed face to face meetings at all global research 
sites. Success was achieved by setting out the scientific rationale for 
the approach, the validation data that had been obtained, and the 
opportunity to use the strategy to reduce markedly the likelihood 
of project failure due to DILI in clinical development. In addition, 
it was important to recognize that different projects teams could 
have quite different target product profiles for patient safety (e.g., 
non-insulin-dependent diabetes vs. advanced oncology), which 
influenced their judgment of whether the anticipated clinical ben-
efit could justify progression into humans of compounds with 
in vitro safety signals.

3.1 AstraZeneca 
Approach
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The strategy focused on in vitro quantitative evaluation of sev-
eral key mechanisms by which DILI can be initiated. In addition to 
reactive metabolite formation, the mechanisms evaluated were: 
inhibition of mitochondrial function, intrinsic cell cytotoxicity in 
the presence and absence of CYP450 3A4 activity, and inhibition 
of the Bile Salt Export Pump (BSEP). The scientific rationale that 
underpinned selection of these mechanisms has been discussed 
elsewhere [18, 19]. In addition, the test cascade evaluated inhibi-
tion of the Multidrug Resistance Protein Type 2 (MRP2). 
Inhibition by drugs of MRP2 is not in itself considered to be a 
mechanism by which DILI can be initiated, but is an important 
biliary efflux transporter whose activity could play a hepatoprotec-
tive role when BSEP activity is inhibited [23]. Hence this could be 
an additive DILI risk factor, especially since MPR2 inhibition may 
result in elevated concentrations within hepatocytes of drugs and/
or drug metabolites that are excreted into bile via MRP2.

A single model system could not be identified which could be 
used to quantify effects of test compounds on each of the selected 
mechanisms, and was suitable for routine high volume use during 
drug discovery. Therefore a multiassay in vitro test cascade was 
developed, which is summarized in Table 1. Since the primary pur-
pose was to identify drugs that can cause DILI in humans, the assays 
focused on human liver biology and utilized either human liver cells 
or human liver transporters. Apart from the covalent binding stud-
ies, which required use of human hepatocytes and synthesis of 
radiolabeled test compounds, the selected assays could be under-
taken in high throughput format. This enabled assessment of their 

Table 1 
In vitro assays used to construct in vitro DILI hazard matrix

Mechanism Assay References

1. Reactive metabolite 
formation

Human hepatocyte covalent 
binding (of radiolabeled 
drugs)

[19]

2. Mitochondrial inhibition HepG2 cell cytotoxicity ratio 
in galactose vs. glucose 
media

[19]

3. Cell cytotoxicity THLE cell cytotoxicity [25]

4. CYP3A4-potentiated cell 
cytotoxicity

THLE-3A4 cell cytotoxicity [25]

5. BSEP inhibition BSEP inhibition in inverted 
membrane vesicles

[24]

6. MRP2 inhibition MRP2 inhibition in inverted 
membrane vesicles

[19]
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predictive value for human DILI by testing of substantial numbers 
of hepatotoxic and nonhepatotoxic test drugs (>80 for each assay), 
and determining in vitro compound concentrations that caused 
50% reductions when compared with vehicle control values, i.e., 
IC50 or EC50 values [24, 25]. None of the assays provided high 
DILI sensitivity and specificity when evaluated in isolation, even 
when drug doses and drug concentrations in plasma were taken 
into account. Therefore the data provided by all of the assays was 
integrated and analyzed in combination. Potencies of the effects 
observed in the five in vitro safety assays were assigned binary scores 
of 0 or 1, depending upon whether or not these were below or 
above threshold values of concern that had been determined fol-
lowing evaluation of reference “DILI” and “no DILI” drugs. 
Summation of these binary values yielded aggregated in vitro assay 
scores for each drug (see Fig. 1). Human hepatocyte covalent bind-
ing (CVB) binding data were adjusted for the extent of in vitro 
compound turnover, resulting in fractional CVB (fcvb) values that 
were multiplied by the maximum recommended daily therapeutic 
doses of the drugs to estimate daily CVB burden (Fig. 1). A two-
dimensional plot of aggregated in vitro assay scores vs CVB burden 
for each drug produced the “hazard matrix,” which is illustrated in 
Figs. 1 and 2 [19].

The hazard matrix was developed using data obtained from 36 
test pharmaceuticals, of which 27 caused clinically concerning 
DILI (plus various other idiosyncratic adverse reactions), one 
caused severe hypersensitivities that led to discontinuation of its 
development and nine did not cause clinically concerning 
 idiosyncratic adverse reactions. Seven of the nine “safe” drugs 
exhibited aggregated in vitro panel scores <2 and CVB burden 

Parameter Data output

1. HepG2 cell mitochondrial injury

Aggregated
values

Endpoint

2. THLE cell cytotoxicity

3. Potentiated THLE-3A4
cell cytotoxicity

4. BSEP inhibition

5. Mrp2 inhibition

6. Human hepatocyte fractional 
covalent binding to protein

Binary, 0 or 1

Cumulative 
in vitro 
signal:

minimum 0,
maximum 5

Integrated in 
vitro Hazard 
Matrix value

7. Maximum daily dose 

CVB Burden,
mg/day

mg /day

Binary, 0 or 1

Binary, 0 or 1

Binary, 0 or 1

Binary, 0 or 1

fcvb

Fig. 1 Process used to generate integrated in vitro hazard matrix values for test drugs
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<1 mg/day (zone 1 of Fig. 2; specificity 78%). All of the 27 “idio-
syncratic concern” drugs exhibited aggregated in vitro panel scores 
≥2 and/or CVB burden ≥1 mg/day (sensitivity 100%), although 
the number and magnitude of in vitro signals that were detected 
varied markedly between these drugs. CVB burden was ≥1 mg/
day and aggregated in vitro assay scores were one or zero (zone 3) 
for 15 drugs; whereas aggregated in vitro scores were ≥2 and CVB 
burden was <1 mg/day (zone 2) for six drugs; and aggregated 
in vitro scores were ≥2 and CVB burden was ≥1 mg/day (zone 4) 
for eight drugs.

To assess further the predictive value of the Hazard Matrix, 
data were generated for an additional three drugs, which had not 
been evaluated in the first validation study. These were the endo-
thelin receptor antagonists: sitaxsentan (withdrawn from use due 
to rare causes of acute liver failure [26]), bosentan (usage restricted 
due to its potential to cause human DILI [27]), and ambrisentan 
(not found to cause human DILI [28]). Neither sitaxsentan in rats 
and dogs [29] nor bosentan in rats were found to cause liver toxic-
ity, while bile duct hyperplasia, single cell necrosis, and transami-
nase/alkaline phosphatase elevations were observed in dogs treated 
with bosentan [30]. When generating data with the endothelin 
receptor antagonists, an improved method was used to quantify 
mitochondrial inhibition. This was the Seahorse™ platform, which 
enabled the direct evaluation of the effects of the drugs on cellular 
oxygen consumption and extracellular acidification [31]. The 
resulting Hazard Matrix from AstraZeneca [32] correctly assigned 
ambrisentan to “safe” zone 1. Both sitaxsentan and bosentan were 
assigned to zone 4, although the potencies of the signals observed 

Excellent discrimination between 27 toxic drugs and 9 non-toxic drugs (100% 
sensitivity, 78% specificity)
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Deborah S. Light et al.

minjun.chen@fda.hhs.gov



353

with sitaxsentan were markedly greater than the signals observed 
with bosentan. This distinction became especially clear when the 
potencies of effects observed in each of the individual in vitro tox-
icity assays were adjusted to account the human plasma concentra-
tions of the drugs. This was achieved by dividing the maximum 
human drug plasma concentrations by the in vitro IC50 or EC50 
values. In accordance with recommendations for the interpretation 
of in vitro drug-drug interaction data [33], values ≥0.1 were 
assigned binary scores of 1, and values <0.1 were given scores of 0. 
Using this approach, sitaxsentan exhibited positive exposure 
adjusted signals in all five in vitro assays and a high CVB burden, 
whereas bosentan exhibited a positive exposure adjusted signal in 
only one assay (BSEP inhibition) and a moderate CVB burden 
[32]. This analysis indicates that human plasma exposure data have 
the potential to improve markedly the interpretation of in vitro 
safety data.

However, since robust plasma exposure data are available only 
once clinical trials have been performed and the desired clinical 
dose has been defined, it is important to recognize that exposure 
adjustment of in vitro toxicity data is not a realistic option before 
progression of a new test compound into humans. Therefore the 
Hazard Matrix illustrated in Fig. 1 is more suitable for use during 
drug discovery, when chemical choice is available.

The potential value of the Hazard Matrix for predicting DILI 
in animals was not evaluated. Therefore it is unclear whether or 
not it can reliably identify compounds that will cause DILI in ani-
mals that would prevent progression into humans. Hence the 
Hazard Matrix does not replace the need for animal safety studies 
prior to clinical trials. However, the approach can be expected to 
increase the likelihood that compounds progressed into clinical 
trials will not cause idiosyncratic DILI in humans. Therefore it 
should reduce the need for in vivo animal safety testing of com-
pounds that have unsuitable human safety profiles. This is a sig-
nificant potential 3Rs benefit.

At the time that this work was undertaken, the process of selec-
tion and annotation of tested drugs posed a major problem and 
required extracting relevant information from the published scien-
tific literature and from drug labels. This was a laborious and time 
consuming process. Since then, the US FDA has published rele-
vant data in the Liver Toxicity Knowledgebase (LTKB) [34] and it 
is recommended that this database should be used to aid future 
evaluation of alternative assays.

An analogous approach was developed at Pfizer after sitaxsentan 
was voluntarily withdrawn from approved marketplaces and discon-
tinued from ongoing clinical development [35]. With this event 
there was renewed interest in developing a more comprehensive 
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screening strategy to avoid acquiring or developing compounds 
with significant DILI potential. In vitro assays which were similar to 
those described above for AstraZeneca, were incorporated into the 
Pfizer matrix approach for detecting DILI compounds with a high 
degree of specificity and sensitivity. The Pfizer matrix aggregated 
multiple DILI liability factors. These were: inhibition of both liver 
mitochondria and BSEP [36], human dose (total dose >100 mg), 
systemic Cmax exposure (>1.1 μM), cytotoxic potential in liver cell 
lines, and certain chemical property descriptors such as PSA and 
clogP values [37]. This multifactorial compound stratifica-
tion approach vastly improved upon the in vitro human liver hazard 
detection method published previously by Xu et al. [38]. The DILI 
predictive value of the Pfizer matrix was demonstrated in part by 
use of the LTKB categorization system of DILI risks to assign test 
drugs to either MOST-, LESS-, or NO-DILI concern categories; 
this classification was based on review of FDA drug labeling and 
causality evidence [39]. The initial LTKB list of 287 drugs [39] has 
now been expanded to 1036 drugs [40] and represents an improve-
ment over previous annotations [38, 41], which were more limited 
in scope both in terms of numbers of drugs as well as annotations 
based on case and literature reviews. Despite the great attention and 
time spent annotating a large list of over 1000 drugs for DILI risk 
in humans, this is a relatively small list compared to the expectations 
of medicinal chemistry designers where data needs tend to be 
extremely large. For example, in the field of QSAR (quantitative 
structure–activity relationships) modeling it is unlikely that a few 
thousand compounds – or even tens of thousands of compounds in 
a training data set – will confidently represent the entire pharma-
ceutical chemistry space [42]. As a consensus-driven organization 
these and many other challenges were faced during the conception 
and implementation of this new screening paradigm, the principles 
of which are outlined below.

4 Implementation

Enabling a research organization to develop and implement com-
plex, long-term, predictive investigations when the outcome and 
value of the work are not likely to come to fruition for several years is 
very challenging. Careful planning and strong sponsorship are key 
contributing factors to success of any long-term endeavor. The first 
critical step is to gain (and retain) commitment from leadership and 
resources holders (e.g., people, funding) for the length of the project. 
It is also important to remember that resistance to change is normal 
and past problems are likely to be repeated, thus careful stakeholder 
management throughout the project is critical. Stakeholders need to 
understand key questions: (1) what is the proposed change, (2) what 
is the benefit of changing vs staying the same, and (3) how success 
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will be measured. Educating and building an understanding among 
key stakeholders is necessary to driving change throughout the life 
cycle of the project.

How a project is launched can vary. A directive from leader-
ship setting the expectation that a project will be undertaken and 
completed is perceived differently than a project brought up 
through scientific lines and managed by influence. Both 
approaches have advantages and challenges. The former might 
get results faster at the start but could drive dissenters under-
ground. Those not fully convinced of the value of the project 
may disrupt implementation later in the timeline, causing delays 
and creating unanticipated complications. If the latter is solely 
consensus driven, progress may be slow and tedious but this pro-
vides an opportunity to bring about universal change. However, 
the latter can also create an opt- in/-out mentality if key groups 
or leaders do not prioritize the project and clearly communicate 
that. When a key sponsor or discipline leader is not an advocate 
or wants additional parameters added, implementation can be 
delayed or even halted while the issues are addressed. If the proj-
ect is for the broader organization but does not directly improve 
or add value to a particular group that must be involved in the 
work, additional education and reinforcement may be needed to 
gain that leadership acceptance.

The success of a project is also dependent on an organiza-
tion’s culture and risk tolerance. In any organization, it is impor-
tant to have clear objectives and milestones agreed by the team 
and management at the project start. Implementation generally 
consumes a large amount of time and resource to be successful. 
Many organizations do not allow time for the implementation 
phase of a project. A key to executing and implementing a suc-
cessful project within a large, matrix organization is utilization of 
good project management practices and tools such as Accelerating 
Implementation Methodology (AIM) [43]. AIM provides a 
framework for planning, execution, and implementation of any 
project to increase the likelihood of success. To facilitate the 
implementation of a successful project, the most important factor 
is strong sponsorship. The sponsor should have the authority to 
make decisions and provide resources such as people and fund-
ing. Without sponsors at the senior level and sponsors or advo-
cates at the mid- management level, it is difficult to retain an 
organization’s attention and energy. There is a risk of an “opt 
out” mentality for a project if there is not clear management buy-
in and encouragement.

The project also needs a Scientific Lead who is a subject matter 
expert (SME) and will act as advocate for the project. An experi-
enced project manager is necessary to employ tools and techniques 
to manage and drive the objectives forward. The Scientific Lead 
and the Project Manager should not be the same individual as both 
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roles are demanding. Another key to success is to build the project 
team by involving engaged experts with specific roles who can 
commit to conducting the actual work.

For complex, cross-disciplinary projects, core team members 
should actively engage their disciplines early in the project life cycle 
to build an understanding of the project objectives. The team must 
identify their key stakeholders. The Sponsor and/or Scientific Lead 
should help those targets understand how the project outcomes 
will be of benefit to them/the organization and how it will change 
the way they work. Building an understanding and obtaining 
acceptance early helps to develop project advocates before it fully 
rolls out. Educating and gaining feedback and perspectives from 
stakeholders (e.g., end-users, colleagues who will be doing the 
work, leadership) early and at set project milestones is essential to 
offer the team an opportunity to correct or improve the new pro-
cess, and to find out if/how new processes are understood and 
being utilized. This also allows the team to refine their objectives 
and outcomes and avoid changes later in the project when change 
can be more difficult or more expensive. Tools such as interviews 
or surveys allow feedback to be gained directly from the users.

In reality, there is likely to be turnover in personnel and pos-
sibly in organizational structure during a multiyear projects’ life 
cycle. If multiple, key team members and/or sponsor(s) or other 
influencers leave the company, the team may need to reeducate 
new sponsors or leaders and incorporate their thinking or changes. 
This can cause project delays and creates the risks of disengaging 
team members. Loss of SMEs or key scientific opinion leaders 
within the company can also slow a project, as finding talented col-
leagues with very specific expertise and gaining agreement for their 
time commitment can be time-consuming. Continually needing to 
reengage or reeducate stakeholders can create a loss of motivation 
or energy drain for the SMEs. This needs to be managed carefully, 
through reinforcement from sponsors/leaders.

Additional challenges to a long-term project can be changes in 
organizational structure or philosophy within lines/disciplines, 
that can create new barriers to keeping resources committed to the 
project (people or funding). Once again, discussions with leader-
ship and organizational sponsors by the Scientific Lead or Project 
Lead will be needed to get the project back on track.

During a project life cycle, keeping the sponsor(s) and stake-
holders informed of progress is important in order to keep these 
key colleagues engaged. Once results are available, they should be 
shared with the sponsor and key stakeholders. A communication 
plan should be developed in advance of close out of the project, to 
enable the team to provide outcomes and measures of success (or 
failure) to the organization.

Experience shows that choosing the right targets to be the first 
to use any new tools or assays is another key to success. At 
AstraZeneca, being able to develop new in vitro assays which aided 

Deborah S. Light et al.

minjun.chen@fda.hhs.gov



357

the selection of drug candidates with low DILI liabilities was very 
positively received. However, initial attempts to roll out the assays 
to discovery project teams that were already in a mature state, and 
ready to progress to the next milestone, was difficult. Having to go 
back and reintroduce new assays meant that these teams had to 
move their milestones further out and because of this the teams 
pushed back. After the project team held discussions with manage-
ment, it was decided that it was preferable to focus the roll out of 
new in vitro assays on projects in early discovery, where there was 
abundant chemical choice. This was a positive outcome from feed-
back received.

Long-term initiatives are difficult and complex. However, 
when they have positive outcomes that shift us to a new, improved 
paradigm of being better able to predict safety and bring safer 
medicines to patients faster, it is hard to argue against their value.

5 Specific Challenges in Industry

The need to develop new paradigms that can solve old problems is 
extremely important in science, but is riddled with challenges that 
are organizationally specific based on historical context, individual 
perspectives and scientific merit. In large pharmaceutical organiza-
tions a new scientific approach for derisking of toxicity would likely 
come out of some sort of an investigative line function within a 
drug safety and/or pharmacokinetic and drug metabolism depart-
ment. However, effective utilization of any such approach requires 
its adoption by medicinal chemists and regulatory toxicologists, 
who are situated in different parts of the organization and might 
be expected to question, underappreciate or even negate its value. 
In particular, from a regulatory perspective animal testing or early 
human clinical data may well not reinforce the hazard perspective 
gained from in vitro testing for idiosyncratic human liver injury. 
The outcome of progression of a compound that exhibits one or 
more DILI signals can either be a false positive or true positive, 
depending upon whether the deleterious liver effect is observed in 
animals or humans and the phase at which in vivo liver injury was 
observed. For example, nefazodone did not exemplify aspects of 
DILI in preclinical or clinical trials, while its injurious potential in 
humans was really defined after-market authorization [44]. 
Therefore, an in vitro assay that raised DILI concern for nefazo-
done might be interpreted (incorrectly) as a false positive if com-
pared with animal safety data or clinical trial data, or (correctly) as 
a true positive if compared with postmarketing clinical safety data.

Furthermore, other possible shortcomings of a new predic-
tive toxicity paradigm might quickly be perceived as negating its 
potential value. Since the evaluation of any new proposed 
approach will be based on retrospective analysis of old drugs, it 
may not adequately represent issues with future drugs that are 
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not represented in the retrospective analysis. This is a common 
issue with in silico modeling of in vitro assay results, where con-
tinued testing has to be conducted in order to refresh the in silico 
model with new and innovative chemical space (e.g., chemical 
space and targets covered). Consequently it is reasonable to 
expect that any proposed safety hazard matrix (e.g., that outlined 
in Figs. 1 and 2) may suffer from false negatives. A particular dif-
ficulty is that this limitation may only become apparent over many 
years, once large numbers of compounds have been tested and 
broad coverage of chemical space has been achieved. In contrast, 
in silico models of in vitro assays can be refreshed quite quickly 
and do not require years to resolve. Another issue is the false 
negative space that will arise since not all mechanisms of DILI are 
tested in any pragmatic, high volume test cascade. The effects of 
this could be large or small. For example, the liver injury poten-
tial caused by the triphosphate metabolite of zaclitabine could be 
missed unless a specific screen for mitochondrial DNA polymerase 
gamma replication has been developed and utilized [45].

Retrospective testing can lead to the identification of animal 
models that enable much improved prediction of clinical DILI 
than the species used in conventional drug safety studies. An exam-
ple is panadiplon, which caused transaminase elevations in healthy 
volunteers that were not predicted by standard preclinical studies 
using rats, dogs or monkeys. Only after the clinical adverse effect 
was noted was it found that Dutch-belted rabbits were observed to 
be sensitive to liver injury, whereas other animals were not [46]. 
The same issue is true for fialuridine, where five people died in the 
phase II clinical trial due to fatal DILI. An analysis by the US 
National Academy of Sciences of all preclinical fialuridine toxicity 
tests, which included studies in mice, rats, dogs, and monkeys, 
concluded that the available animal data provided no indication 
that the drug would cause liver failure in humans. Two decades 
later a chimeric mouse model, that replaced murine liver cells with 
human liver cells, was able to reproduce the type of injury observed 
clinically (jaundice and lethargy); laboratory tests (elevated trans-
aminase and lactic acidosis), and changes to the liver in the drug- 
treated mice mirrored those observed in human participants in the 
fialuridine trial [47]. It should be noted that the human DILI 
potential of fialuridine was also demonstrated in the woodchuck 
[48] (an uncommon nonclinical species used in testing) and in a 
specialized human in vitro liver culture system [49].

Although time eventually brings additional information and 
tools to bear, the current issue is how to utilize in vitro information 
that is relevant to clinical outcomes for compounds that do not 
display adverse liver effects in animal studies. A big advancement to 
this challenging area is provided by DILIsym® software as described 
in Chap. 6 in this volume. This proprietary software program uses 
computational systems biology to integrate in vitro toxicity assay 
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data and drug exposure data, and thereby simulate and thereby 
“anticipate” in vivo liver adverse effects in animals and humans 
exposed to test drugs. The model was built initially by analysis of 
data obtained from the literature, or experimentally, for exemplar 
compounds that caused liver injury in vivo via a variety of mecha-
nisms plus chemically similar nontoxic compounds. The mecha-
nisms of liver injury (and exemplar compounds) were: reactive 
metabolite formation (acetaminophen, 3′-hydroxyacetanilide, 
methapyrilene, furosemide, aflatoxin B1, and lapatinib), inhibition 
of bile acid efflux from hepatocytes via BSEP (lapatinib, bosentan, 
telmisartan, CP-724714, and glibenclamide), mitochondrial toxic-
ity (tolcapone, buprenorphine, and etomoxir) and mitochondrial 
DNA depletion (fialuridine). After building the integrated models, 
recent clinical candidates that failed in clinical development due to 
unexpected liver injury signals (TAK875 (Takeda), MK0536 
(Merck), and AMG009 (Amgen)) were examined to determine 
the effectiveness of the model for simulating and thereby anticipat-
ing human DILI potential, and/or to build refinements into the 
modeling software.

The established clinical perspective on risk of fatal injury was 
based on observations by Hy Zimmerman [50] and coined by 
Robert Temple as Hy’s law [51]. The premise is that causality justi-
fied drug-induced hepatocellular injury which occurs in the pres-
ence of jaundice is clinically concerning, since it is indicative of 
marked liver injury that in some susceptible patients may progress 
to life-threatening acute liver failure [50–52]. This observation 
was later codified by the FDA, which has provided the following 
guidance on how cases of drug-induced liver injury can be detected 
in clinical trials:

●● The drug causes hepatocellular injury, generally shown by a 
higher incidence of threefold or greater elevations above the 
upper level of normal (ULN) of alanine aminotransferase or 
aspartate aminotransferase than the control drug or placebo.

●● Among trial subjects showing such aminotransferase eleva-
tions, often with aminotransferases much greater than 3×ULN, 
one or more also show elevation of serum total bilirubin to 
>2×ULN, without initial findings of cholestasis (elevated 
serum alkaline phosphatase).

●● No other likely reason can be found to explain the combina-
tion of increased aminotransferases and total bilirubin, such as 
viral hepatitis A, B, or C; preexisting or acute liver disease; or 
coadministration of another drug capable of causing the 
observed injury.

Due to the low frequency of idiosyncratic human DILI caused 
by many drugs, cases observed during clinical trials can be expected 
to arise only rarely. Finding one justified Hy’s law case in the clinical 
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trial database of a drug is worrisome; finding two is considered 
highly predictive that the drug has the potential to cause severe 
DILI when given to a larger population [53]. The assessment of 
risk for serious, life-threatening drug-induced liver injury associated 
with a drug, at present is an iterative process based on accumulation 
of clinical data [54]. Assessment of risk-to-benefit ratios regarding 
a novel agent with hepatotoxicity issues (especially one for a life-
threatening condition) requires considerable judgment and educa-
tion on the part of prescribers and patients. The spectrum of 
drug-induced liver injury is broad and is similar to liver disorders 
arising via other causes [55]. Because serious cases are typically rare, 
it is difficult to define a priori which patient is most at risk. The 
determination of actual risk is at the individual level at first and then 
accumulated with time across numerous treated patients. Many 
individual patients can benefit from a drug with a black box warn-
ing for liver injury without any adverse consequences. For example, 
there are reports where patients experienced transaminase eleva-
tions when treated with bosentan, but had no evidence of liver 
injury after they were switched to sitaxsentan [56]. Conversely, 
there are also examples were patients tolerated sitaxsentan without 
any signs of liver injury but developed transaminase elevations when 
switched to bosentan after the withdrawal of sitaxsentan [57]. A 
better understanding of liver injury causality is achieved only after 
the event has occurred through a thorough retrospective analysis, 
and the adjudication of each case can highlight the need for clinical 
samples consented and retained from trials for additional analyses. 
The most effective way to manage the human clinical risk posed by 
idiosyncratic DILI is to advance compounds into clinical develop-
ment that have low propensity to cause known mechanisms of tox-
icity. Hence, there is a need for a new predictive screening paradigm 
that can enable this to be achieved.

When deciding whether or not to progress an individual com-
pound into development, it necessary to undertake a risk–benefit 
assessment that takes account of safety liabilities and numerous 
other considerations. These will include the available chemical 
space (which typically is restricted), the anticipated clinical dose 
and exposure, the severity of the disease state, plus known clinical 
adverse outcomes caused by preexisting drugs used to treat that 
clinical indication. When assessing safety liability, we think that it is 
appropriate to use a hazard matrix approach for highlighting 
potential human liver injury risks. This can be performed prior to 
nonclinical animal safety studies and clinical trials, when it is 
 important to select a molecule that is likely to be safe in humans. 
At this stage, key rhetorical questions which should be asked are: 
Am I better than... my previous chemical series; my previous lead 
compound; a competitor in development or the marketplace with 
liver injury? Such comparisons can be expected to ensure that clini-
cal candidates in a program are sufficiently differentiated from each 
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other in terms of potential hazard, thereby reducing the risk of 
failure of the entire program due to toxicity.

At the present time we think that use of the hazard matrix 
approach to aid internal decision making within projects and com-
panies is justified. However, we recognize that the approach has 
not been evaluated and validated sufficiently rigorously to be used 
for regulatory decision making. Current gaps, which hopefully can 
be tackled in the near future, include a need to standardize indi-
vidual assay protocols in multiple laboratories and to develop rig-
orous performance/acceptance criteria for the assays. It will be 
important also to test large numbers of hepatotoxic and nonhepa-
totoxic drugs, in order to gain more robust insight into sensitivity 
and specificity of the hazard matrix for assessing DILI risk and to 
establish whether the matrix can reliably distinguish between phar-
maceutical agents with the potential to cause fatal human liver 
injury and those that may cause less clinically concerning types of 
liver injury [58].
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Chapter 18

Perspectives on the Regulatory and Clinical Science 
of Drug-Induced Liver Injury (DILI)

Mark I. Avigan and Monica A. Muñoz

Abstract

This chapter provides a regulatory framework of drug-induced liver injury (DILI) risk assessment, whose 
foundation is the understanding, identification, and evaluation of different forms of hepatotoxicity caused 
by a drug or biological agent. Regulatory scientists strive to translate evolving knowledge into an accurate 
and efficient prediction of DILI risk in humans as early as possible in a product’s life cycle. In addition, 
better characterization of factors that underlie individual susceptibility can lead to improved risk minimiza-
tion, and ultimately enhance the balance between treatment-associated benefits and risks. Heightened 
DILI risk plays a critical role in the trajectory of approval for a therapeutic product. Compound develop-
ment may be terminated when a signal of potentially serious DILI emerges given the theoretical risks to 
trial subjects and potential opportunity cost that may be incurred. The limitations of currently available 
analytical tools to quantify DILI risk undoubtedly have resulted in the premature discontinuation of com-
pounds that ultimately may have been associated with negligible or acceptable levels of risk for the intended 
treatment population. For other compounds, an associated DILI risk may go unrecognized in the premar-
ket setting, and only shows an unacceptable benefit–risk balance in the postmarketing setting. No drug or 
biological agent has been withdrawn in the US market following approval due to hepatotoxicity since the 
publication of the FDA Guidance for Industry on DILI Premarketing Clinical Evaluation in 2009. 
Nonetheless, some recently approved agents have been linked to an increased risk for DILI in vulnerable 
patients, resulting in the inclusion of Boxed Warnings or Warnings of hepatotoxicity in several of their 
product labels.

Key words Drug-induced liver injury, Hepatotoxicity, Clinical trials, Risk–benefit, Surveillance

1 Framework for DILI Risk Assessment

A broad range of pathologic phenotypes and clinical patterns of 
hepatotoxicity have been causally associated with specific therapeu-
tic drugs and biologic agents [1]. These include both acute as well 
as chronic forms of liver injury, reflecting a diverse set of toxic 
effects of drugs that target specific components of the liver—an 
organ that is comprised of intricate anatomical and developmen-
tal interactions between different cell types and lineages. Because 
of the robust regenerative and cytoprotective capacity of the 
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liver, many acute and subacute forms of DILI are fully reversible. 
Recovery of the organ may occur as a consequence of adaptation 
of the liver cells in the face of continued exposure to the agent 
responsible for the initial liver disturbance (e.g., acetaminophen- 
induced damage of hepatocytes in the centrolobular region of 
the hepatic lobules, and amoxicillin-clavulanate-induced damage 
of cholangiocytes in biliary ductules) [2, 3]. In other instances, 
discontinuation of treatment appears to be a prerequisite to set 
the liver on a path toward full recovery, irrespective of the liver 
cell populations that are primarily damaged. Nonetheless, there are 
important scenarios connected to specific treatment agents when 
an idiosyncratic liver injury will progress beyond a mild transient 
disturbance of the organ to a higher level of severity in suscep-
tible patients. They include the following: (1) progression of DILI 
when adaptation fails and the treatment has not been discontinued 
in a timely manner, (2) rapid acceleration of liver injury to a stage 
of severe necrosis and/or acute liver failure, irrespective whether 
treatment with the hepatotoxic agent has been discontinued, (3) 
induction of permanent histopathologic changes such as collagen 
deposition, bile duct ablation, sinusoidal obstruction as compli-
cations of chronic or subacute forms of DILI, (4) induction of 
long- standing autoimmune hepatitis (AIH) initiated by treatment-
induced changes in T-cell homeostasis. So far, the specific host and 
environmental factors that underlie idiosyncratic liver injury sus-
ceptibility in each of these circumstances to particular drugs or 
biological agents are not fully understood.

2 FDA Guidance on the Premarketing Assessment of DILI Risk and Hy’s Law

From a regulatory perspective, predicting the risk for idiosyncratic 
and serious hepatotoxic events is especially important as the bene-
fits and risks of a new drug or biological agent are being weighed 
to determine both its approvability for marketing and appropriate 
indications of use [4]. Among the various DILI phenotypes that 
have been identified, in recent years there has been a concentrated 
effort to improve the identification and evaluation of agents that 
pose a risk for severe or life-threatening acute hepatocellular injury 
and acute liver failure (ALF) with a risk for death or liver trans-
plant. This important milestone in the regulatory science of DILI 
is based largely on a seminal observation by Hyman Zimmerman in 
the 1970s that drug-induced hepatocellular injury marked by ele-
vations of liver aminotransferases accompanied by jaundice (i.e., 
elevated serum bilirubin levels) has a significant probability of pro-
gression to liver failure that can lead to death (or liver transplant) 
[5, 6]. It should be emphasized that the rises in bilirubin must not 
be the result of benign unrelated causes, including Gilbert’s syn-
drome and hemolysis. In contrast to drug-induced cholestatic liver 
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injury which is marked by high early peak alkaline phosphatase 
(ALP) levels >2X the Upper Limit of Normal (ULN) and an R 
value [peak serum alanine aminotransferase (ALT) XULN/ALP 
XULN] < 2, hepatocellular injury is marked by relatively low peak 
levels of ALP that are typically <2X ULN and an R value >5. 
Between 10% and 50% of cases of acute hepatocellular DILI associ-
ated with treatment-induced elevations of serum bilirubin (>2X 
ULN) have been observed to progress to ALF with death or liver 
transplantation as an outcome. Thus, the finding of even a single 
case of acute hepatocellular injury with hyperbilirubinemia that is 
causally associated with exposure to a suspect agent is a strong 
predictor that cases of ALF due to DILI are likely to occur later in 
a large treatment population. This phenomenon has been dubbed 
“Hy’s law” in tribute to Dr. Zimmerman by FDA’s Robert Temple 
[7, 8]. The “Hy’s law” concept is important in the assessment of a 
study drug’s associated hepatotoxic risk during the clinical trial 
phase and is a central underpinning of the guidance on the premar-
keting evaluation of DILI that was issued by FDA in 2009 [9]. 
Assuming a 10% rate of progression of Hy’s law cases to liver fail-
ure, point estimates can be predicted for the risk of ALF associated 
with a drug in a large postmarket treatment population. The accu-
racy of these estimates depends on the active monitoring and thor-
ough diagnostic assessment of cases of acute liver injury. It also 
depends on a complete tally of all the numerator cases of hepato-
cellular DILI with hyperbilirubinemia together with a measure of 
the denominator of all the subjects who have been treated with the 
study drug. For example, of the 2510 study subjects with diabetes 
who were treated with troglitazone during its clinical development 
prior to approval of the agent in 1997, two developed drug- 
induced hepatocellular findings consistent with Hy’s law among 
five patients who developed ALT elevations >30X ULN [9]. 
Projecting these results to establish a point estimate of risk for the 
most severe tier of hepatocellular injury, the ALF rate due trogli-
tazone exposure would be in the order of 1 per 12,550 treated 
patients. From other data, it is likely that the real incidence in dia-
betics treated with this agent until its withdrawal in the year of 
2000 may have been even somewhat higher, and this should not be 
a surprise given the wide 95% statistical confidence intervals that 
surround such a point estimate for rare events [10–12].

According to the FDA guidance, in a drug development pro-
gram, the complete absence of even one case of Hy’s law across all 
clinical studies enables exclusion of a risk level for severe acute 
hepatocellular injury and ALF above a calculated rate that is defined 
by the “Rule-of-3.” This approach applies a simple binomial calcu-
lation of a 95% upper boundary of risk, using the number of study 
subjects in the development program who have been treated with 
the test agent to divide by three [13]. To illustrate, if 3000 patients 
have been treated per a standard protocol and monitored carefully 
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for changes of serum liver biochemistry, the absence of Hy’s law 
cases supports exclusion of a risk for such injuries at a rate above 1 
per 1000 and of severe acute hepatocellular injury and ALF at any 
rate above 1 per 10,000 (assuming that 10% of the cases would 
progress to the most severe tier).

It is important to note that the clinical and laboratory profiles 
in patients with underlying liver diseases who develop acute exac-
erbations in association with a suspect agent have yet to be criti-
cally considered [14–16]. The recognition of serious acute 
hepatocellular injury based on new biochemical and other lab test 
findings that are super-imposed on abnormal pretreatment base-
line findings is not fully addressed in the current FDA guidance on 
premarketing DILI risk. This challenge for regulatory scientists is 
exemplified in drug development programs that are investigating 
new treatments for patients with chronic viral hepatitis and NASH 
[17–19].

There are a number of critical inter-related domains that 
should be analyzed in an overall assessment of risk for idiosyncratic 
acute hepatocellular liver injury causally associated with a suspect 
pharmaceutical drug or biological agent. These include (1) the 
incidence as well as clinical and laboratory signatures of serious or 
severe cases of hepatotoxicity in patients who have been treated 
with the product, (2) the drug-associated likelihood of causality of 
each clinically important treatment-associated case in the treat-
ment population, (3) the external and biological factors and/or 
disease states which increase or decrease DILI susceptibility, (4) 
the times to onset and recovery of liver injury after initiation and 
discontinuation of treatment, respectively, and (5) the presence or 
absence of a viable strategy (ies) to mitigate serious or life- 
threatening outcomes upon detection of treatment-associated liver 
injury.

3 Preclinical Characterization of Human Idiosyncratic DILI Risk Connected 
to New Drugs and Biological Agents

The development of reliable preclinical approaches to accurately 
predict risk for serious and life-threatening forms of DILI of new 
drugs and biological agents remains elusive [20–27]. As described 
in other chapters throughout this textbook, much progress has 
been made in the development of a variety of tools with growing 
opportunities toward achieving this goal. Nonetheless, currently, 
each of these is marked by significant limitations and/or gaps in 
their utility. Some of these are listed in Table 1.

As outlined in Table 1, each of the preclinical approaches to 
characterize a new drug or biologic agent has a contributory role 
in assessing DILI risk and can impact directions taken for further 
investigations or scrutiny, either with other preclinical tools, in the 
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preapproval phases of testing, or even in a postmarket period. In 
some sense, no single currently used preclinical method can 
 generate absolute predictive values of risk for serious idiosyncratic 
DILI. Therefore, these tools are best used to establish a “prepon-
derance of evidence” either to support or diminish concerns sur-
rounding hepatotoxicity connected to the new agent, as well as 
point to strategies or investigations to enhance overall drug devel-
opment decisions and further refine predictions of DILI risk in 
concert with the findings of clinical trials.

4 Clinical Pharmacology and DILI Risk Characterization

In determining whether hepatotoxic risk in patients correlates with 
the level of pharmacological exposure to a suspect drug, there are 
important elements to be considered. First, standard preclinical 
dosing in animal models identifies threshold pharmacokinetic (PK) 
blood levels beyond which direct exposure-related hepatotoxicity 
occurs [28, 29]. PK derived measurements (e.g., Cmax levels, 
AUC per unit time) that best predict a threshold for toxicity vary 
and are influenced by a number of factors including dose response 
effects in liver cells and half-life of the study drug. Unfortunately, 
with the exception of agents that are direct hepatotoxins such as 
CCl4 or acetaminophen (when misused in excessive amounts), 
blood levels of drugs or drug metabolites often correlate poorly 
with risk for serious idiosyncratic hepatotoxicity. This is due to a 
number of interrelated reasons. First, the discrepancy of drug con-
centrations in liver cells vs blood or plasma that build up over time 
with maintenance treatment vary depending on the drug, hepatic 
blood flow, and cellular uptake [30–32]. When parent drug or 
intermediate metabolite levels are toxic at a cellular site above 
threshold amounts, their distribution between the circulation and 
liver cells is critically important. If after multiple dosing the drug 
hepatocyte concentrations greatly exceed blood levels because of 
high cellular uptake, PK measures may not reliably predict thresh-
old drug levels of toxicity. Second, rates of drug clearance and 
metabolism to nontoxic products both in the liver and other organs 
are determinants of residual cellular parent drug or toxic metabo-
lite levels. Third, hepatocytes are endowed with a reservoir of cyto-
protective substrates (e.g., glutathione, UDP-glucuronic acid) that 
are subject to depletion in certain clinical settings [33, 34]. In the 
case of some hepatotoxic agents, these must be saturated before 
toxic metabolites are able to bind and disrupt cellular molecules 
that are vital to sustain normal functions. Fourth, if hepatotoxicity 
is primarily driven by one of a number of immune mechanisms 
(e.g., adaptive, innate, or autoimmune processes) the drug or its 
metabolites may not be directly toxic to cells. In these circum-
stances once immune-mediated hepatocellular damage is unleashed, 
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the course of DILI will often not be tied to PK indicators per se, 
but rather to steps involved in drug-related antigen presentation 
on the surface of liver and/or biliary epithelial cells and/or modu-
lation of immunocyte responses.

5 Clinical Evaluation of Cases of Acute Liver Injury Associated  
with a Suspect Agent

In the evaluation of the severity of acute liver injury associated with 
a suspect agent, an approach that has been used both by the NIH 
Drug-induced Liver Injury Network (DILIN) and the FDA is a 
five-level categorical scale comprised of tiers with specified clinical 
and biochemical outcomes [35, 36] (Table 2). These range from 
very mild cases marked by transient elevations of serum liver amino-
transferase levels [ALT or aspartate aminotransferase (AST)] in the 
absence of both significant clinical symptoms and elevations of bili-
rubin or other markers of liver dysfunction (Level—1 Severity) to 
very severe cases marked by ALF with an outcome of death or liver 
transplant (Level—5 Severity). Assessing the causality or likelihood 
of a causal association of a case of acute liver injury with exposure to 
the suspect agent can be especially challenging since, so far, there 
are no diagnostic or predictive biomarkers of DILI which are fully 
reliable and accurate. Therefore, the application of comprehensive 

Table 2 
Drug-induced Liver Injury (DILI) Severity Index [35, 36]

Score Grade Definition

1 Mild Patient has elevation in ALT and/or alkaline phosphatase levels but 
total serum bilirubin is <2.5 mg/dL and INR is <1.5

2 Moderate Patient has elevation in ALT and/or alkaline phosphatase levels and 
serum bilirubin is ≥2.5 mg/dL or INR is ≥1.5

3 Moderate–severe Patient has elevation in ALT, alkaline phosphatase, bilirubin and/or 
INR levels and patient is hospitalized or an ongoing 
hospitalization is prolonged because of DILI

4 Severe Patient has elevation in ALT and/or alkaline phosphatase levels and 
total serum bilirubin is ≥2.5 mg/dL and there is at least one of 
the following: (1) prolonged jaundice and symptoms beyond 
3 months, (2) hepatic failure (INR ≥1.5, ascites or 
encephalopathy), or (3) other organ failure believed to be due to 
DILI event

5 Fatal Patient dies or undergoes liver transplantation because of DILI event

ALT alanine aminotransferase, INR international normalized ratio
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differential diagnosis to exclude alternative causes of liver injury 
other than the suspect agent underlies all the commonly described 
methods that are used for causality assessment of suspected DILI 
cases [9, 37]. The Roussel Uclaf Causality Assessment Method 
(RUCAM) that was developed under the auspices of the Council 
for International Organizations of Medical Sciences (CIOMS) in 
the early 1990s is one of a number of previously published DILI 
algorithmic scoring systems that can be applied with ease by practi-
tioners at the bedside, often when DILI is suspected to be linked to 
a marketed drug [38–40]. As described in Chap. 27 in this volume, 
the RUCAM utilizes specified numbers of award or penalty points 
that are distributed in a set of domains that are designed to either 
support or diminish a causal link of acute hepatocellular or choles-
tatic liver injury with any drug or biologic agent. (The domains 
include point assignments based on treatment time and liver injury 
onset, latency after treatment discontinuation and biochemical 
recovery, exclusion of alternative causes, a few general risk factors, 
etc.) Using one common scale for the RUCAM, the measured total 
score for a suspect case of DILI determines a categorical level of the 
likelihood of causal association with the suspect agent that ranges 
between “highly probable” and “unlikely.”

Notably, the current version of the RUCAM is a “one-size 
shoe fits all” algorithm with one fixed set of criteria to assess causal-
ity in the presence of acute hepatocellular injury and another in the 
presence of cholestatic liver injury. Unfortunately, the clinical 
 signatures of acute idiopathic DILI as well as known risk factors for 
hepatotoxicity are not uniform and are influenced by a variety of 
different primary pathogenic mechanisms and susceptibility char-
acteristics associated with DILI that have been implicated with 
exposure to particular drugs, drug classes or biological products. 
Thus, the ranges and weightings of point awards or penalties 
imposed in the RUCAM domains (e.g., time boundaries from start 
of treatment until liver injury, time boundaries from the discon-
tinuation of treatment until biochemical recovery, the age range, 
and the use of alcohol) may not be relevant or suitable to optimally 
determine the likelihood of causal association of liver injury with 
certain suspect agents. For this reason, to preserve an algorithmic 
approach for causality assessment there has been a growing interest 
to establish a set of refined algorithms that can be selectively 
matched with a defined phenotype or clinical signature of acute 
DILI associated with a particular drug or biologic agent. Using 
registry data analyses, efforts are underway both in Europe and in 
the USA to test the utility of modifying algorithmic criteria differ-
ently for different drugs and biologic agents [41, 42].

In drug development programs, a method that is typically used to 
assess the likelihood of causal association of cases of liver injury 
that occur in temporal association with exposure to the study 
agent relies on “expert opinion” [37, 43]. This non-algorithmic 

5.1 Assessing DILI 
in Clinical Study 
Subjects
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approach provides flexibility in the determination, analysis, and 
weighting of critical determinants for case assessment by a panel of 
individuals with expertise in analyzing various DILI phenotypes 
and clinical signatures. It is especially useful in the assessment of 
cases of liver injury tied to new agents when a recognized pheno-
type or clinical signature of hepatotoxicity has not yet been estab-
lished or publicized. Although less structured compared with 
fixed algorithms such as the RUCAM, investigators and regula-
tory scientists using “expert opinion” have developed shared 
nomenclatures and common instruments for case assessment. One 
such instrument used by the NIH DILIN project as well as by 
FDA regulatory scientists is a categorical likelihood scale encom-
passing five tiers of probability of causal association of an acute 
liver injury event with exposure to a suspect drug or biologic 
agent [3, 35, 36] (Table 3).

Expert opinion provides distinct advantages in the assess-
ment of idiosyncratic forms of acute DILI connected to mecha-
nisms and/or clinical signatures that do not necessarily conform 
to the stereotypes embodied in the RUCAM. The importance 
of recognizing different types of acute idiosyncratic hepatocel-
lular DILI associated with products that represent new classes of 
therapeutic drugs or biologic agents has been increasing in atten-
tion in recent years. Some examples described below illustrate 
this phenomenon.

Table 3 
Categorical causality assessment scoring system based on expert opinion [3, 35, 36]

Causality score Likelihood (%) Description

1 = definite >95 Liver injury is typical for the drug or herbal product 
(“signature” or pattern of injury, timing of onset, recovery)

The evidence for causality is “beyond a reasonable doubt”

2 = highly likely 75–95 The evidence for causality is “clear and convincing” but not 
definite

3 = probable 50–74 The causality is supported by “the preponderance of 
evidence” as implicating the drug but the evidence cannot 
be considered definite or highly likely

4 = possible 25–49 The causality is not supported by “the preponderance of 
evidence”; however, one cannot definitively exclude the 
possibility

5 = unlikely <25 The evidence for causality is “highly unlikely” based upon the 
available information

6 = insufficient data Not applicable Key elements of the drug exposure history, initial 
presentation, alternative diagnoses, and/or diagnostic 
evaluation prevent one from determining a causality score
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As described elsewhere in Chap. 20 in this volume, graphic pro-
grams that display in a multidimensional matrix peak serum liver 
test results of each individual study subject in a clinical trial popula-
tion treated with the study agent or comparator are highly valuable 
to efficiently identify and focus attention on those subjects with 
test abnormalities of interest for further analysis. One such pro-
gram is eDISH (acronym for “evaluation of Drug-Induced Serious 
Hepatotoxicity”) [44, 45]. This two-dimensional graphic repre-
sentation of peak serum ALT and bilirubin levels is divided into 
four domains defined by boundaries that represent a threshold 
multiple of the upper limits of normal for each of the indicators 
(ALT, 3X ULN; Bilirubin; 2X ULN). [In future generations of 
this program, the demarcations of these boundaries would be 
adjustable by analysts to interrogate changes over a subject’s pre-
treatment baseline values or the inclusion of other liver test indica-
tors (AST, ALP, etc.).] By clicking on a case of interest in the 
treatment-population-based display, the program opens a graphic 
timeline of liver test findings at baseline and during the treatment 
course of the study accompanied by a narrative with clinical and 
diagnostic information to support an assessment of causal associa-
tion with the test agent.

6 Interpretation of DILI Case Signatures in Clinical Studies

In randomized clinical studies of agents that are causally linked to 
cases of idiosyncratic hepatotoxicity, it is not unusual to observe a 
higher percentage of study subjects receiving the study drug 
 relative to the comparator agent or placebo who develop mild tran-
sient elevations of liver serum aminotransferases (AT, e.g., ALT 
and/or AST) early during the course of treatment. It is notable 
that reversal of these abnormalities often occurs even with contin-
ued dosing with the agent due to a cellular and organ-based cyto-
protective and regenerative corrective response that is referred to 
as “adaptation” [3, 46]. With certain drugs used in dose ranges 
recommended in product labels (e.g., acetaminophen, tacrine), 
transient mild elevations of AT in exposed individuals are not 
uncommon, yet progression to serious liver injury virtually never 
occurs. Drugs associated with idiosyncratic hepatotoxicity often 
also induce transient AT abnormalities that reverse in many drug- 
exposed individuals due to adaptation. However, for reasons that 
remain to be elucidated, a subset of individuals with liver test 
abnormalities associated with each of these agents do not manifest 
an adaptive response, and the liver injury progresses to more severe 
forms connected to compromised liver function and in some 
instances acute liver failure. The percentages of individuals with 
mild transient ALT abnormalities with adaptation versus those 
with progression to severe liver injury depend both on the specific 

5.1.1 Evaluation of Acute 
DILI Signals in Clinical 
Trials with eDISH

6.1 Adaptation

Regulatory Science Perspectives of DILI

minjun.chen@fda.hhs.gov



378

drug and susceptibility characteristics that are prevalent in the 
treatment population. To illustrate, based on different literature 
sources, the approximate incidences of mild transient rises of AT 
>3X ULN in clinical trial subjects treated with isoniazid (INH), 
troglitazone, and ximelagatran were ~10%, ~3%, and ~8% respec-
tively, whereas the incidences of drug-induced ALF were <0.1%, 
<0.05%, and <0.05%, respectively [9, 12].

Drugs and biological agents have been linked to a number of dif-
ferent clinical and laboratory signatures of hepatotoxicity that can 
be clinically serious [1, 47]. A classic form of hepatotoxicity is asso-
ciated with latency periods typically ranging between 1 week and 
3–6 months or even longer between start of treatment and the 
development of DILI marked by the onset of abnormal liver tests 
[48]. Although more than one inciting mechanism may be linked 
to classic idiosyncratic hepatotoxicity, both innate and adaptive 
immune responses to the accumulation of drug metabolites in 
hepatocytes are considered frequent drivers of liver injury.

A two-step graphic example using the eDISH instrument of 
this type of idiosyncratic hepatotoxicity in a phase III clinical trial 
of 3922 study subjects who were randomized to receive ximelaga-
tran (X) (a direct thrombin inhibitor) or warfarin, the control drug 
(C), to prevent stroke and embolic events in patients with chronic 
non-valvular atrial fibrillation is shown in Fig. 1a and b. As shown 
in the right upper quadrant of Fig. 1a, there is a striking imbalance 
in the number of ximelagatran-treated subjects who developed 
elevations of both ALT and total bilirubin, compared to those 
treated with warfarin. A time-course of the serum liver test results 
together with a diagnostic analysis of one of these ximelagatran- 
treated individuals, excluding other causes of acute liver injury, is 
shown in Fig. 1b in order to exemplify findings that are consistent 
with “Hy’s law.” Ximelagatran was not approved for marketing in 
the USA because of its hepatotoxic profile.

Different drug-derived antigenic molecules may form complexes 
with Class II HLA molecules on the surface of antigen-presenting 
cells, including biliary epithelial cells in biliary ductules. Immune 
responses to these antigenic determinants with recruitment of 
mononuclear cells and other inflammatory cells are likely one ave-
nue leading to cholestatic hepatitis. This form of DILI is often 
marked by a prominent inflammatory infiltrate in the portal areas 
without significant parenchymal injury within the hepatic lobules. 
It is clinically associated with jaundice and pruritis, even when the 
hepatocellular functions of protein, clotting factor, and urea syn-
thesis may be normally preserved. Because both cholangiocytes 
and/or the apical membranes of hepatocytes are selectively involved 
in this form of drug-associated injury, the serum ALP levels are 
substantially increased and R values are typically less than 2 [3]. 

6.2 “Classic” 
Idiosyncratic Acute 
Hepatocellular DILI

6.3 Cholestatic 
Hepatitis
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Fig. 1 (a) eDISH plot containing the peak values of serum alanine aminotransferase (ALT) activities and total 
bilirubin (TBL) levels of each study subject with chronic non-valvular atrial fibrillation in SPORTIF V, a phase III 
randomized trial of ximelagatran 36 mg bid (X, red triangles; n = 1960) vs warfarin (C, green circles; n = 1962) 
for the prevention of stroke and systemic embolic events [101]. The ALT and TBL values are plotted as the fold 
increases above the upper limit of the reference ranges (ULRR) on the x axis and y axis, respectively. (b) Time 
course of serum liver test results of a study subject of interest in the right upper quadrant of (a) (ALT alanine 
aminotransferase, AST aspartate aminotransferase, TBL total bilirubin, ALP alkaline phosphatase, ULN upper 
limit of normal, PCTL percentile) [101]. The subject is an 80 year old female randomized to receive ximelaga-
tran. Elevated liver tests occurred 2 months after initiation of ximelagatran in the absence of symptoms, lead-
ing to its discontinuation 4 days later and a switch to treatment with warfarin. Serological test results for 
Hepatitis A, B, and C, CMV and EBV, as well as ANA and SMA, at the time of the liver injury were all negative. 
The liver tests eventually returned to normal. This case of acute hepatocellular DILI demonstrates findings that 
are consistent with “Hy’s law”
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Although recovery after discontinuation of the offending agent 
may be prolonged, cholestatic hepatitis typically does not lead to 
liver failure and is not considered as an ominous marker of poten-
tially severe DILI, in the same manner as acute hepatocellular 
injury with jaundice is, when caused by a drug [49].

7 Other DILI Signatures

With expanding drug development programs a number of the acute 
DILI signatures with distinct characteristics have been gaining 
increased attention and are discussed below [47, 50]. It is impor-
tant for regulatory scientists to recognize these and assess them as 
significant forms of hepatotoxicity that require careful evaluation.

Although rare, immunoallergic DILI reactions are often marked 
by a rapid onset after the start of treatment with an offending 
agent, typically ranging between just 1–2 days to less than 2 
months. Due to their systemic nature, multiple organs in addition 
to the liver are potential targets for this form of drug-induced 
injury and features of hypersensitivity such as fever, rash, and 
eosinophilia are frequently present. Notably, rapid recurrence with 
increased severity of injury occurs frequently after rechallenge with 
the offending agent. More than one type of immunological hyper-
sensitivity may be at play in immunoallergic DILI (Types I–IV) 
[51] and it appears that rechallenge either with the same drug or a 
cross-reactive similarly structured drug is likely to put the patient 
at significant risk for a hepatotoxic event that may be more severe 
than the earlier sensitizing event.

Of note, a number of antibiotics, including sulfa drugs, quino-
lones, and ketolides, as well as aromatic anticonvulsants, allopuri-
nol, celecoxib, nevaripine, and efavirenz have been associated with 
immunoallergic DILI [52]. Telithromycin-induced immunoaller-
gic hepatitis exemplifies this form of DILI. This antibiotic is the 
first oral ketolide that has been approved for short-term use in the 
USA. A review of 42 post-marketing cases of acute liver injury in 
2006 revealed a clinical signature marked by rapid acceleration of 
liver injury and very short latencies after treatment initiation rang-
ing between 2 and 43 days with a median of only 10 days. Four 
cases had known previous telithromycin exposure pointing to the 
possibility of prior sensitization [53]. Some cases were also marked 
by the acute onset of fever, abdominal pain, and jaundice, with in 
some instances reported eosinophilia and/or ascites.

Immunologically based therapies encompass different products 
including pharmaceutical drugs, biological agents, and even some 
herbals. They are part of global treatment strategies under devel-
opment either to enhance immune destruction of tumor cells in 

7.1 Immunoallergic 
Hepatitis

7.2 Autoimmune 
Hepatitis Associated 
with Immunotherapy
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oncological diseases or reduce immune-mediated destruction of 
tissues in some autoimmune diseases. Intended treatment effects 
of immunotherapy may include one of the following goals: (1) 
increase the activities of subpopulations of T-cells or other immune 
cells that recognize and act to eliminate tumor cells, (2) reduce the 
activities of subpopulations of T-cells that directly target diseased 
tissues in autoimmune pathological states (e.g., the myelin sheath 
in multiple sclerosis), (3) change the balance of effector and regu-
latory cells in T-cell networks in favor of reducing autoimmune 
states. Molecular targets for pharmacological therapy within such a 
broad set of possible therapeutic objectives include specific cell sur-
face molecules or ligands have biological roles to either modify or 
regulate T-cell function or proliferation.

In oncotherapy, targeted molecules for drug and biologic 
development by immunotherapy have been the checkpoint 
inhibitors [54, 55]. These include therapeutic human or human-
ized monoclonal antibodies directed against the cell surface mol-
ecules CTLA-4 and PD-1 (or their ligands) whose normal 
function is to dampen T-cell activation by costimulatory path-
ways when the TCR is engaged by a cognate antigen. Monoclonal 
products that are currently approved include ipilimumab, 
nivolumab, pembrolizumab, atezolizumab, avelumab, and dur-
valumab. When normally active, checkpoint inhibitors act as 
“brakes” to prevent the overactivity of autoreactive T-cells as 
well as the diminished suppressive functions of FOXP3+ T regu-
latory cells. Thus, when these pathways are inhibited by targeted 
therapies, antitumor immune response activities are generally 
enhanced, especially against  immunogenic tumors including 
melanoma and certain lung tumors. Due to the nonselective 
nature and broad polyclonal hyperimmune treatment effects of 
checkpoint inhibitors, it is no surprise that both in animal mod-
els and in human studies the blockade of CTLA-4 and PD-1 
mediated pathways by monoclonal antibodies is frequently asso-
ciated with a broad range of unintended autoimmune toxicities 
in different organs, including the colon (which normally con-
tains a small pool of intraepithelial lymphocytes), skin, liver, 
lung, and a number of endocrine organs. Although targeted for 
treatment, whether metastatic infiltrating tumor cells in organs, 
such as the liver, have a potential to exacerbate autoimmune 
injury due to the recruitment of increased numbers of inflamma-
tory cells with consequent collateral damage effects is a concern 
that will require more study. Thus, treatment-induced AIH often 
presenting between 6 and 12 weeks after initiation of treatment 
(which can be clinically severe and lead to ALF) has been identi-
fied in clinical trials as a significant adverse event causally associ-
ated with checkpoint inhibitors [56–60].

Many cell surface molecules that are selectively targeted 
by immunotherapies to treat certain autoimmune diseases are 
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expressed in different subsets of helper, effector, and regulatory 
cells in T-cell networks that normally demonstrate immunological 
homeostasis by maintaining a careful balance of the counteract-
ing cell populations to prevent pathological states of autoim-
munity. A number of immunomodulatory therapies intended to 
inhibit immune cell mediated damage of the myelin sheath in 
the treatment of MS, somewhat paradoxically have been associ-
ated with the induction of AIH. These include pegylated and 
non-pegylated IFN-α and IFN-β products, and glatiramer ace-
tate [61–67]. Because the advent of immune-related diatheses 
including acute liver injury linked to immunomodulatory ther-
apy may be tied to imbalances of T cell subpopulations that nor-
mally counteract one another, their clinical signatures are often 
different from other forms of hepatotoxicity, including “classic” 
idiosyncratic DILI described above. With the characteristic his-
topathologic features of AIH that often accompany these cases, 
long latencies greater than 6 months from initiation of treatment 
until the onset of liver injury may be present. These probably 
reflect gradual shifts in the proportions of autoreactive cells and 
regulatory T cells (Tregs) during long-term treatment or after 
a long washout period at the end of treatment with disparate 
recovery times of each T-cell subset.

Daclizumab, an IgG1 monoclonal antibody that inhibits the 
high affinity IL-2 receptor (CD25), has been linked to cases of 
treatment-induced AIH and other autoimmune adverse events in 
clinical trials of patients with relapsing forms of MS [68, 69]. Peak 
elevations of aminotransferase levels greater than 5X ULN which 
were often transient were observed in 4% study subjects with MS 
treated with Daclizumab High Yield Process (DAC HYP), 
 compared with <1% of subjects treated with placebo in SELECT, 
a placebo-controlled phase IIB study to assess the efficacy and 
safety of the monoclonal treatment for 1 year [68, 70]. Notably, 
in the DAC HYP development program, one study subject devel-
oped treatment-induced ALF in an extension study. Although 
myelin sheath damaging CD25+ effector cells are inhibited, sup-
pression of FOXP3+ Tregs which also express CD25 occurs and is 
long- lasting, possibly leading to prolonged reduced suppression 
of autoreactive T-cells. The recovery period of the Treg popula-
tions after administration of the last monthly DAC HYP dose 
upon cessation of treatment is gradual (5–6 months) and plausibly 
extends beyond the time of recovery of autoreactive T-cell popu-
lations [70]. Such a phenomenon may underlie a long latency 
with a median time to the onset of clinically significant idiosyn-
cratic hepatotoxicity of 13 months after DAC HYP initiation 
observed in study subjects with MS who were treated with the 
monoclonal agent.
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8 DILI in Patients with Underlying Liver Disease

As described above, rises of both serum liver AT (i.e., ALT and 
AST) levels with R values >5 are the sine qua non for hepatocel-
lular injury. As the severity of DILI worsens with reduced liver 
function, there is a rise of bilirubin that reflects its reduced cellular 
excretion into the bile. Because patients with significant preexist-
ing liver diseases such as chronic viral hepatitis or NASH have 
abnormal liver test results at baseline, it can be difficult to measure 
and characterize the relative effects of acute liver injury that are 
superimposed on chronic liver disease. Since AT levels with NASH 
are often increased at baseline, it has been suggested that the detec-
tion and investigation of suspected acute DILI can be driven by an 
observed change of serum AT, ALP, and bilirubin levels with refer-
ence to the pretreatment baseline levels of the individual, rather 
than a population-based upper limit of normal value [9, 71, 72]. A 
reliable assessment of the severity of the acute hepatotoxic injury 
based on quantitative changes of these indicators above their 
abnormal pretreatment levels is challenging. Future progress in 
this sphere will depend on the acquisition of patient-level longitu-
dinal data to evaluate acute injury effects superimposed on differ-
ent stages of specific preexisting liver diseases. It is notable that 
liver test findings of severe acute hepatocellular injury either 
induced by a drug or another cause in individuals with chronic liver 
disease complicated by moderate or severe cirrhosis can be marked 
by worsening liver function that may include a rising bilirubin 
level, an increasing INR and encephalopathy in the absence of a 
substantial change in ALT or AST levels [73]. In its most severe 
form, this signature has been referred to as acute on chronic liver 
failure and is associated with a high risk for poor outcomes, 
 including death. As an example, rare forms of acute DILI with this 
type of signature have been reported in association with the direct 
antiviral agent treatment combination of dasabuvir, ombitasvir, 
paritaprevir, and ritonavir to treat Type C viral hepatitis [74, 75]. 
Hepatic decompensation and hepatic failure, including liver trans-
plantation or fatal outcomes, have been reported postmarketing in 
patients treated with the components of this product. Most patients 
with these severe outcomes had evidence of advanced cirrhosis 
prior to initiating therapy. Reported cases typically occurred within 
1–4 weeks of initiating therapy and were characterized by the acute 
onset of a rising direct serum bilirubin without further rising ALT 
elevations above baseline levels in association with clinical signs 
and symptoms of hepatic decompensation. With a paucity of stud-
ies that have enrolled substantial numbers of individuals with 
advanced chronic liver disease, in order to limit risk for this adverse 
event in susceptible patients, use of the product has been contrain-
dicated in chronic liver disease patients with moderate and severe 
hepatic impairment (Child Pugh Class B and C).
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As observed by Zimmerman and described in the premarket-
ing guidance on DILI, in general terms the presence of underlying 
liver disease, including cirrhosis, does not appear to alter or increase 
an individual’s risk for the development of idiosyncratic hepatotox-
icity [5]. However, there are a number of important caveats or 
exceptions with regard to this assertion. First, because patients 
with moderate or severe liver disease have more limited reserve as 
regards biological and physiological functions that must be intact 
in order for the liver to optimally recover after acute liver injury, 
outcomes in patients with DILI may be compromised in some cir-
cumstances. For example, prior studies identified more severe idio-
syncratic outcomes in patients with chronic viral hepatitis with 
hepatotoxicity causally associated with antituberculosis (TB) drugs 
compared to similarly treated patients without underlying viral 
hepatitis [76, 77]. In other studies, patients with Hepatitis B or C 
Virus (HBV or HCV) coinfected with Human Immunodeficiency 
Virus (HIV) who developed hepatotoxicity as a result of Highly 
Active Antiretroviral Therapy (HAART) were found to have more 
serious liver injuries [78, 79]. Second, exceptions exist in which 
certain underlying liver diseases that may be silent are likely to 
increase susceptibility to the development of DILI after exposure 
to specific treatment agents. A recent example is a concern that 
patients with quiescent or subclinical idiopathic AIH have increased 
susceptibility to clinically significant acute liver injury induced by 
immunomodulatory agents. To illustrate, as described above, 
daclizumab has been linked in clinical trials both to the induction 
of de novo AIH, as well as an unmasking of subclinical idiopathic 
AIH by a treatment-induced shift in T-cell homeostasis that is 
associated with the suppression of FOXP3+ Tregs [80].

9 Risk Factors for Idiosyncratic DILI

Different risk factors for DILI have been identified and are 
described in Chap. 23 in this volume. None of these have proven 
universal for any drug that is linked to DILI in all patient popula-
tions. Nonetheless, some appear to be more generalizable to mul-
tiple agents, compared with others. Among these, as listed in the 
RUCAM are geriatric age, chronic alcohol usage, and pregnancy. 
DILI risk factors may be associated with a change in hepatocellular 
uptake, metabolism, transport, and/or a reduction in renal clear-
ance of the parent drug or its metabolites [33, 81]. By increasing 
levels of hepatocellular or subcellular exposure to these molecules, 
these changes may lead to liver injury or cholestasis in susceptible 
individuals. It is notable that a few drugs appear to be associated 
with a higher risk for hepatotoxicity in infants and children, rather 
than in the elderly. One example, valproic acid (VPA) appears to be 
linked to an increased risk for idiosyncratic severe liver injury in 
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pediatric patients less than 2 years, through one or more mecha-
nisms of mitochondrial toxicity including the production of reac-
tive metabolites in mitochondria that are derived from 4-ene-VPA, 
a metabolite of the parent molecule [82, 83]. Other risk factors 
include the presence of certain neurological disorders and con-
comitant use of other anticonvulsants [84].

There are certain genomic polymorphisms that are associated 
with an increased risk for DILI. These appear to have an impact on 
adaptive immune responses to a particular agent or class of agents. 
Categories of polymorphic molecules and examples of drugs that 
have been linked to an increased risk for DILI when a polymor-
phism is present include Class I and Class II HLA molecules (e.g., 
amoxicillin-clavulanate [85, 86], ximelagatran [87], lumaricoxib 
[88], flucloxicillin [89], ticlopidine [90], lapatinib [91]), drug- 
metabolizing enzymes (e.g., Cytochrome P450 isoform 2E1 and 
isoniazid [92, 93]), apical membrane transporters (e.g., the BSEP 
apical transporter and oral contraceptives [94]), and vital cellular 
systems subjected to toxic stress due to exposure to the xenobiotic 
(e.g., mitochondrial DNA Polymerase γ and valproic acid [95]). 
These DNA polymorphisms which serve as markers of high risk 
alleles for DILI have been identified by-and-large through targeted 
gene analysis or genome-wide association studies (GWAS), using 
biospecimens collected from patients who developed liver injury 
that was causally associated with a suspect drug, compared with 
patients without this adverse event, in case control studies [3, 96]. 
Although they differ according to the suspect drug and are con-
nected to different pathways, the contribution of any of these to 
the overall risk for clinically serious idiosyncratic DILI is typically 
low, pointing to the combinatorial influences of other risk factors 
as well [97].

10 Approaches to Monitor and Manage Study Subjects for DILI in Clinical Trials

A mainstay of management of DILI is the early recognition and 
comprehensive evaluation of the event with a timely discontinua-
tion of the suspect agent to avoid progression to clinically severe or 
irreversible hepatotoxicity. To address measurement of DILI risk, 
the FDA guidance on premarketing assessment of DILI has rec-
ommended that all study subjects undergo regular serum liver test 
monitoring and clinical evaluation with specified intervals during 
the course of clinical trials [9]. When ALT and/or AST levels are 
increased, the guidance contains guideposts for more frequent 
monitoring, trigger points for clinical and diagnostic evaluation, 
and stop rules, the latter to protect study subjects from the devel-
opment of severe or life-threatening hepatotoxicity.

In the absence of reliable predictive biomarkers, the approach 
taken to prevent or treat DILI depends heavily on clinical 
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considerations. Use of corticosteroids may have a role in the man-
agement of immunoallergic forms of DILI, although studies to 
determine the benefit of this treatment on outcomes are typically 
lacking [14]. However, because of the relatively high frequency of 
AIH as an adverse event associated with immunotherapy with 
checkpoint inhibitors and other immune-modulators, the use of 
corticosteroids has been embedded in clinical trial protocols to 
manage this and other autoimmune events that are triggered by 
treatment with these agents. As a result, product labels for these 
products contain recommendations for their use in the manage-
ment of clinically serious AIH [69, 98]. In addition, for cases of 
persistent severe hepatitis not responsive to high-dose corticoste-
roids, some labels also describe the use of other immunosuppres-
sive agents (e.g., mycophenolate mofetil) based on clinical trial 
protocols [99].

11 Methods to Refine DILI Risk Assessment with Post-Marketing Tools

A listing of post-marketing data streams used to detect, assess, and 
refine a risk of DILI connected to specific drugs and biologic 
agents is provided in Table 4. These are also described in Chap. 22 
in this volume. With reference to the critically important twin goals 
of the early and reliable detection of cases of serious and life- 
threatening DILI causally associated with a marketed drug or bio-
logical agent, and the accurate quantitation of risk for such events 
in the “real-world” treatment population, each of these methods 
has both important strengths and limitations [37].

The continued DILI risk assessment may be part of routine 
pharmacovigilance performed by both regulators and applicants, 
or it may consist of a more formal surveillance given the perceived 
or known risks from premarketing data. These evaluations could 
consist of registries, enhanced pharmacovigilance (i.e., targeted 
follow-up), or postmarketing studies. The reliance of spontane-
ously reported data likely leads to detection of new risk informa-
tion later in a product’s life cycle given the inherent limitations of 
spontaneous data (e.g., underreporting, reports with limited clini-
cal details). However, spontaneous reporting systems such as the 
FDA Adverse Events Reporting System (FAERS) which receives 
more than one million adverse event reports each year represent a 
relatively cost-effective approach to monitoring risk related to 
drugs and biologic agents. In contrast, postmarketing studies may 
characterize a newly marketed drug with a better quantification of 
the risk for DILI. These studies impose a cost on the applicant and 
often suffer from study design feasibility issues, particularly for 
orphan products. Despite these limitations, both sources of data 
have led to important post-market regulatory actions.
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While postmarketing data has frequently informed labeling 
modifications describing increased risks, ambrisentan is an example 
in which postmarketing data has informed the de-escalation of 
labeling. Ambrisentan was the second FDA approved endothelin 
receptor antagonist (ERA) approved to treat pulmonary arterial 
hypertension (PAH). The first ERA, bosentan, was approved in 
2001 with a Risk Minimization Action Plan (RiskMAP) to manage 
hepatic toxicity and teratogenicity. Both the teratogenic and 
hepatic effects were thought to be ERA class related, although 
there was little preclinical or clinical trial evidence of hepatotoxicity 
for ambrisentan. Nonetheless, ambrisentan was approved with a 
similar RiskMAP, which linked drug access to patient-reported 
monthly liver testing. After several years of marketing experience, 
the totality of the postmarketing evidence surrounding ambrisen-
tan aligned with the preclinical evidence and pointed to a relatively 
low hepatotoxic risk associated with this drug. Therefore, liver 
injury associated with ambrisentan was removed from the product 
label’s Boxed Warning in 2011 [100].

Table 4 
Post marketing data streams that inform DILI risk assessment for specific marketed drugs

Data source Examples Benefits Limitations

Spontaneous 
report 
databases

FAERS, 
VigiBase

Large repositories of reports for 
postmarketing DILI signaling 
accessible in real-time; 
measures of disproportionate 
reporting of adverse events

Underreporting; variable quality 
of information; reporting 
biases; cannot estimate DILI 
incidence

Peer-reviewed 
case reports

Journal articles 
describing 
DILI cases

Clinical DILI signatures and 
diagnostic tests typically 
described

Variable quality of information 
and case ascertainment; time 
delay until publication; 
publication bias

Registries DILIN, 
ALFSG

Structures clinical and diagnostic 
assessments; real-world 
sampling of suspect DILI cases

Enrollees reflect referral system 
biases

Observational 
studies

CPRD, CMS Linkages of adverse events and 
drug exposures to medical 
records enable investigations 
of risk

Reliant on adequate capture and 
coding of exposures, 
confounders, and outcomes; 
potential for unmeasured 
confounding; time delay in 
data acquisition and analysis

ALFSG Acute Liver Failure Study Group, CMS Centers for Medicare/Medicaid, CPRD Clinical Practice Research 
Datalink, DILI drug-induced liver injury, DILIN Drug-Induced Liver Injury Network, FAERS FDA Adverse Event 
Reporting System
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12 Search for DILI Biomarkers and Future Directions/Opportunities

The development and validation of reliable predictors of DILI 
would provide an extremely valuable set of guideposts to enhance 
drug development and risk management. As described above, the 
initiation of DILI and progression to serious liver injury is a multi-
step process that involves individual susceptibility factors, xenobi-
otic processing steps, and a host of cellular responses with 
adaptation or increased inflammation, necrosis and/or apoptosis 
resulting in either organ repair or amplified damage. At each step 
effective biomarkers could be leveraged as useful predictors of 
DILI outcomes. Overall, there is a need for biomarkers that (1) 
predict which drugs or biologic agents will cause idiosyncratic 
DILI, (2) portend serious liver cell injury before progression has 
taken place, and (3) identify individuals who are especially suscep-
tible to DILI caused by a specific agent [3]. Because of the com-
plexities and redundancies of pathways that protect the liver from 
xenobiotic-induced toxicity, it is not surprising that current candi-
date biomarkers in each of these categories fall short in their pre-
dictive powers. However, with further discovery and elucidation of 
the critical xenobiotic characteristics and biological pathways that 
impact risk for hepatotoxicity as described in Chap. 26 in this vol-
ume, our ability to model and forecast DILI during drug develop-
ment is expected to improve significantly.

Disclaimer

The views expressed are those of the authors and do not necessarily 
represent the position of, nor imply an endorsement from, the US 
Food and Drug Administration or the US Government.
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Chapter 19

Regulatory Toxicological Studies: Identifying Drug-Induced 
Liver Injury Using Nonclinical Studies

Elizabeth Hausner and Imran Khan

Abstract

This chapter presents an overview of nonclinical safety assessment and the types of information that may 
be generated by drug developers for review by the US Food and Drug Administration (FDA). Every new 
drug molecule entering clinical development undergoes the process of safety assessment, a relatively stan-
dardized series of in vitro and in vivo examinations of the intrinsic properties of the proposed therapeutic. 
The goals are hazard characterization, identification of target organs, and determination of a theoretical 
margin of safety. These studies are usually conducted according to the guidances of the FDA and 
International Conference on Harmonization (ICH) and to a large extent conducted to the standards of 
Good Laboratory Practice. The ICH and FDA’s guidances allow investigators to modify safety assessment 
studies on a case by case basis when scientifically justified.

The components of nonclinical safety assessment include in vitro assessment of affinity for off-target 
receptors and enzymes, evaluation of the absorption, distribution, metabolism, and excretion (ADME), 
safety pharmacology, and repeat-dose animal studies and may include computer assisted analysis of the 
chemical structure. Standard in vivo toxicology studies alone are not sufficient to identify the potential 
for human drug-induced liver injury (DILI). A weight-of-evidence approach (WOE) is recommended. 
We discuss how each of the components of nonclinical investigation may be used in conjunction to help 
identify the potential for adverse hepatobiliary effects. Given the scientific flexibility offered by the FDA 
and ICH guidances, it is important to remember that repeat-dose animal studies may be modified to 
explore any identified safety signals. This allows for evaluation of possible reactive metabolites and other 
more subtle signals of drug-induced liver injury that might otherwise be missed in a standard single- or 
repeat- dose safety assessment study. Because of efforts to reduce, refine, and replace animal work, it 
becomes especially important to ensure that animal work is optimized. Judicious data-driven modification 
of the repeat-dose animal studies has the potential to increase the safety of clinical trial participants, to 
optimize the information obtained and to increase the translational value for the clinic.

Key words Hepatobiliary, Toxicology, GLP, Nonclinical, QSAR, Adverse, Translational, Regulatory
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1 Introduction

Any new chemical entity in development as a human therapeutic 
undergoes nonclinical safety assessment to help assess and identify any 
potential safety signals that may be relevant to humans. This is a stan-
dardized series of both in vitro and in vivo examinations with the goals 
of hazard identification and characterization (intrinsic toxicity), and 
target organ identification. This information along with dose depen-
dence, relationship to exposure, and, when appropriate, reversibility is 
used to estimate an initial safe starting dose and dose range for human 
studies and to identify parameters for clinical monitoring of adverse 
effects (ICH M3(R2) and other guidances). Usually a “margin of 
safety” is calculated based upon a no observed adverse effect level 
(NOAEL) or lowest observed adverse effect level (LOAEL) in the 
animals and the projected or observed therapeutic level in humans.

This overall safety assessment also applies to signals for liver tox-
icity. A nonclinical signal for adverse liver effects does not always 
cause termination of clinical trials. Depending upon the nature of the 
nonclinical liver effect, it may be possible to demonstrate an adequate 
margin of safety to allow cautious advancement in the clinical setting. 
This is sometimes referred to as the “low and slow” approach or low 
starting dose with slow increases in both dose and exposure duration. 
Safety assessment continues after the first in human clinical trials. 
New information may emerge as the in vivo animal studies move 
from subchronic to chronic exposure and in vitro testing may explore 
greater mechanistic understanding of the intended and sometimes, 
unexpected, pharmacology and toxicology.

The occurrence of unexpected or unpredicted serious adverse 
events during premarketing development or after drug approval 
usually requires regulators and drug sponsors to reexamine the 
existing data to determine if a safety signal was missed, found to be 
very subtle, or totally absent. Vigorous public debate exists over the 
predictive or translational value of nonclinical studies. Partly, these 
are argued from the point of view of animal welfare. No one wishes 
to use animals for nonpredictive or only marginally valuable 
research. The other side to this debate is the public health desire to 
decrease risk of adverse drug effects [1, 2]. A well-structured devel-
opment program should minimize animal usage and maximize the 
safety of study participants and the public once a drug is approved.

There have been several published examinations of the correla-
tion of nonclinical animal data with the human clinical results and 
liver toxicity is highlighted in these studies [3–8]. The most recent 
study examined 1256 adverse drug reactions (ADRs) reported from 
142 drugs approved for marketing in Japan from 2001 to 2010. 
Overall correlation between nonclinical and clinical hepatobiliary 
ADRs was 57%. Correlation of hepatic function abnormality was 
67%. For these drugs and events, the nonclinical safety testing was 
reported to be little better than a coin toss [8]. However, the focus 
of many of these studies is the animal data. While this is an impor-
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tant component of nonclinical assessment, animal studies are only 
one piece of the nonclinical characterization. Without  consideration 
of the information obtained from the in vitro, pharmacokinetic, and 
metabolism studies, the in vivo safety assessment alone is not as 
informative as it could be. Given the ethical imperative to refine, 
reduce and replace animal work, the in vivo safety assessment stud-
ies should be viewed for where they can be modified to explore 
signals from the other aspects of the nonclinical work.

2 The Cyber Drawing Board

Although not required by the regulations, some Sponsors conduct 
a computer assisted analysis of the new drug’s chemical structure. 
FDA reviewers also have in-house resources for computer assisted 
analysis and a potentially different database than drug developers 
for comparison. These analyses, although not yet validated for 
regulatory purposes, can suggest the potential for more detailed 
examination of the risk for hepatotoxicity. Chemical structure and 
properties such as lipophilicity, substituents with the potential to 
form reactive metabolites, induce oxidative stress, mitochondrial 
effects, or inhibition of hepatic transport systems may contribute 
to the potential for liver damage [9]. Structural alerts as identified 
in quantitative structure–activity relationship models (QSAR) or 
structure–activity relationships (SAR) analysis may raise an aware-
ness or concern over potential hepatic damage early in the safety 
assessment process and prompt a sponsor to examine the possibil-
ity of reactive metabolite formation and subsequent adducts to 
cellular macromolecules prior to testing in animals or humans. 
Because the in vivo consequences of such bioactivation or adduct 
formation are not necessarily indicative of potential hepatotoxicity, 
there are two possible consequences [10]. First, a risk-averse 
sponsor may discontinue development of the drug at this stage. A 
sponsor may also use SAR data to identify a different molecule 
that does not form adducts, or testing may proceed to determine 
the in vivo effects, if any, of the bioactive metabolite. By the same 
token, a variety of cell culture techniques may be used proactively 
by sponsors to examine possible hepatic interactions. Detailed 
descriptions of these may be found elsewhere in this book: struc-
tural alerts (Chap. 4), QSAR modeling (Chap. 5), and in vitro 
technologies (Sect. 3, Chaps. 7–17).

Cell culture investigations, SAR, and QSAR may be conducted 
for candidate selection, or to guide development efforts, including 
decisions to cease development due to indications of hepatobiliary 
(and other) toxicity. The data used for early decision making and 
from drugs that are dropped early from development due to -omic, 
cell culture, or other data regarding liver toxicity comprise a 
substantial amount of data not in the public domain.
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3 Safety Pharmacology

Safety pharmacology studies are usually single dose, acute studies, 
focused primarily on cardiovascular, neurologic, and respiratory 
systems. The doses used in these studies are within the range where 
a therapeutic exposure or effect is expected. The anticipated toxi-
cological range of exposure is not typically used within stand-alone 
safety pharmacology studies. The total time for a safety pharmacol-
ogy study may extend 24–72 h after the test article is administered 
as the purpose of these studies is to look for effects outside the 
expected or intended therapeutic purpose. Histopathology and 
clinical chemistry are not usually performed, but if there are exist-
ing concerns, perhaps from the mechanism of action, known phar-
macologic class, or risk aversion, targeted tissues may be collected 
and examined in conjunction with focused clinical chemistry. Any 
effect on hepatobiliary function noticed in stand-alone safety phar-
macology would have to be acute and overwhelming, and might 
possibly manifest as sudden unexplained death. Such a situation 
might halt or at least pause the development, unless there is a sig-
nificant margin of safety. Given the time frame and sample size, it 
is likely that subtle hepatobiliary signals would not be easily 
detected in a safety pharmacology study. In some cases, safety 
pharmacology studies have been incorporated into the toxicology 
studies in an effort to reduce animal use. When safety pharmacol-
ogy studies are embedded into repeat dose toxicology studies, 
toxicological doses are used rather than pharmacological doses. 
Instead of a single dose and the short-term exposure of a standard 
safety pharmacology study, the number of doses received in an 
embedded safety pharmacology study is the same as the encom-
passing toxicology study. Hepatic toxicity would be identified by a 
combination of clinical chemistry and histopathology as conducted 
in a safety assessment study.

4 Secondary Pharmacology

In addition to the intended pharmacology of the therapeutic agent, 
there is the potential for off-target effects. This potential is explored 
by in vitro evaluation of the interactions of the drug with a broad 
panel of receptors, transporters, ion channels, nuclear receptors, 
and enzymes. Given the many complex biological processes that are 
maintained in homeostasis with a parsimony of a few hundred 
receptors and other pharmacological targets, it is not surprising that 
any one molecule may be able to interact with multiple receptors. It 
is difficult to identify a truly specific pharmacotherapy given the 
structural range that any given molecular messaging system may be 
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able to accommodate. Receptor binding profiles are not uniformly 
submitted to the FDA [11]. A major metabolite is usually tested for 
the intended pharmacology of the parent drug. Given the concern 
for active or reactive metabolites to be causative or influential in 
liver toxicity, it may be informative to also consider a hepatic panel 
of transporters for evaluation.

5 Absorption, Distribution, Metabolism, and Excretion

Evaluation of absorption, distribution, metabolism, and excretion 
(ADME) usually includes mass balance studies conducted in one or 
more of the nonclinical species, usually rodents and sometimes non-
rodent species such as dogs, nonhuman primates, or rabbits. 
Radiolabel distribution studies provide valuable information on sev-
eral levels. First is the determination of how much drug- associated 
radiolabel reaches the intended pharmacological target and what 
proportion is distributed to other tissues. This relative distribution 
of the drug-associated radiolabel is very important for assessing any 
accumulation of drug, or metabolites, and prolonged residence time 
of the radiolabel in any tissue, such as the liver or biliary system. 
Distribution is usually considered in conjunction with the propor-
tion of drug excreted by renal, hepatobiliary (fecal), or respiratory 
means. Evidence that suggests accumulation of drug-associated 
material in the liver, enterohepatic recirculation, or prolonged resi-
dence time may call for further consideration or closer examination, 
especially if there is a suspect metabolite or reactive intermediate.

The liver has the remarkable metabolic capacity including the 
oxidative drug metabolizing enzymes (Phase I reactions), conjuga-
tive drug metabolizing enzymes (Phase II reactions), and the mul-
titude of receptors and transport mechanisms found on hepatic 
and biliary cells. When the variations in metabolic capacity that are 
possible through numerous genetic polymorphisms are also con-
sidered, the in vitro examination of possible metabolites and the 
capacity for hepatotoxic metabolites takes on increased importance 
as a method for early signal detection [12]. The early nonclinical 
assessment of metabolism is conducted in cultured hepatocytes 
and hepatic microsomes. Both the hepatocytes and the microsomes 
may be from multiple nonclinical species and from humans. This 
allows for a primary comparison of differences in species metabo-
lism and ascertainment that major (comprising ≥10% of the total 
drug-derived species) human metabolites are represented in the 
animals. Identification of active metabolites requires further 
in vitro testing to determine whether the pharmacology of the par-
ent or active moiety is also present in one or more of the known 
metabolites. A drug undergoing several metabolic pathways has 
the potential to produce a hepatotoxic metabolite that is minor, or 
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less than 10% of the total, and therefore may be missed in further 
in vitro testing. On the other hand, only one hepatotoxic metabolite 
is necessary to create a scenario where drug-induced liver injury 
(DILI) is possible. Therefore, a drug does not need to be extensively 
metabolized to be potentially hepatotoxic.

Conversely, animal metabolite profiles should be examined for 
major drug metabolites that may not exist in humans (species- 
specific metabolites) and thus give rise to the possibility of species- 
specific effects. Species similarities or differences in rates of 
distribution, residence time, and clearance may signal potential 
toxicities or indicate factors that affect the relevance of nonclinical 
results for the clinic. This is another step where chemical structural 
analysis may be used to identify potentially hepatotoxic intermedi-
ates or reactive metabolites, e.g., the acetaminophen metabolite 
N-acetylimidoquinone (NAPQI) [13]. Metabolite profiles from 
blood and urine collected from in vivo studies, usually part of safety 
assessment, are also part of the developmental database for a new 
drug. Metabolite profiles from blood and urine collected from 
in vivo studies, usually part of safety assessment, are also part of the 
developmental database for a new drug. The in vivo pharmacoki-
netic profiles include parameters, such as maximum plasma con-
centration (Cmax), time of maximum plasma concentration (Tmax), 
volume of distribution at steady state (Vdss), area under the curve 
for the dosing interval (AUC0–24) or extrapolated (AUC0–∞), 
fraction available by oral administration (F%), and biological or 
functional half-life (T1/2).

6 Protein Binding

Protein binding studies are also usually conducted early in devel-
opment. This is an in vitro evaluation that allows for species com-
parisons; that is, a determination of the similarities or differences in 
the degree of total protein binding and qualitative differences, or 
to which plasma proteins the parent drug is bound. There is an 
assumption that only the free (non-protein bound) drug is able to 
interact with the intended target. In addition to the information 
about free versus protein-bound drug, these studies may also indi-
cate the potential for a drug to displace other protein-bound drugs. 
It is infrequent that metabolites are evaluated in the protein bind-
ing studies, but this may be an area that will change. There are 
examples that binding of a drug or metabolite to a protein can 
create a drug-modified protein triggering immune-mediated hepa-
totoxicity [14]. These observations open the door to a new avenue 
of in vitro studies that could explore whether or not such drug or 
metabolite-modified proteins had immune stimulating properties. 
Some of the proposed new serum biomarkers, such as inflammo-
some complexes, various cytokines, and high mobility group box 1 
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(HMGB1) protein fit into this hypothesis [15]. While these studies 
are not regulatory requirements, they would seem to be prudent 
areas of scientific exploration if a structural alert has been detected 
in either parent drug or metabolite.

7 Drug–Drug Interaction Studies

Nonclinical drug–drug interaction studies are not required. 
However, if there are concerns for hepatotoxicity based on ADME 
studies or known risks for hepatotoxicity, then drug interaction 
studies may be helpful to clarify the potential for pharmacokinetic 
or pharmacodynamic interactions relevant to the hepatotoxicity. 
Also, if the drug under development is intended for a patient 
population likely to be taking multiple medications, nonclinical 
assessment of possible interactions may be requested if these data 
cannot be obtained safely in a clinical study. This allows for a 
nonclinical evaluation of the potential for one drug to alter the 
metabolism of another drug, i.e., increase or decrease.

8 Guidelines and Good Laboratory Practice

Animal safety assessment studies are conducted under ICH guid-
ances and the guidances of the FDA1 in the USA, the EMA2 in the 
EU, or Japanese Ministry of Health and Welfare (JMHW) in Japan 
in accordance with Good Laboratory Practices (GLP). The 
Organization for Economic Development (OECD) published 
guidelines, internationally accepted as standard methods for safety 
testing. The methods are regularly updated by experts from OECD 
member countries. OECD guidelines are covered by the Mutual 
Acceptance of Data, implying that data generated in the testing of 
chemicals in an OECD member country, or partner country, in 
accordance with OECD guidelines be accepted in other OECD 
countries.3 A common misconception is that guidances are hard 
and fast regulations for conduct of nonclinical studies. Guidances 
are recommendations having the weight of past experience but 
written to allow for case by case exceptions when scientifically 
justified.4,5 Good Laboratory Practices are intended to assure the 

1
 https://www.fda.gov:80/FDAgov/Drugs/GuidanceCompliance 

RegulatoryInformation/Guidances/default.htm
2
 http://www.ema.europa.eu/ema/index.jsp?curl=pages/regulation/general/

general_content_000043.jsp
3
 http://www.oecd.org/chemicalsafety/testing/goodlaboratorypracticeglp.htm

4
 http://federalregister.gov/a/2016-19875

5
 https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfcfr/CFRSearch.

cfm?CFRPart=58
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quality and integrity of data submitted to regulatory authorities 
and are required for all studies intended to support human safety. 
The GLP specify managerial, organizational, and record-keeping 
conditions for laboratories in which nonclinical safety studies are 
planned and conducted. This may also include standard operating 
procedures for maintenance of laboratory equipment, sample prep-
aration and collection. Compliance with GLP standards does not, 
however, guarantee a well-designed or scientifically sound study.

9 Whole Animal Safety Assessment

Repeat-dose animal studies are usually conducted in at least two 
species, one rodent and one nonrodent, and for varying durations 
of time. Unless there are special considerations due to the pro-
posed indication or patient population, studies of 28 days, 90 days, 
6 months (rodent); and 9 months (nonrodent) are normally con-
ducted, usually by the intended route of clinical administration in 
accordance with ICH M3(R2) timelines. Carcinogenicity studies 
represent a special case of chronic safety assessment in which ani-
mals, usually rats and mice, will receive drug for approximately 2 
years. This is accompanied by assessment and incidence of neopla-
sia in multiple tissues. While carcinogenicity studies focus upon the 
neoplastic potential of a new drug, gross and microscopic examina-
tion allow for the evaluation of chronic effects upon the liver. 
Carcinogenicity studies are not required for all drugs, but rather 
depend upon the likely duration or frequency of exposure for the 
intended patient population. Such studies may be waived if life 
expectancy of the patient population is less than 3 years.

The general design of rodent safety assessment studies includes 
a vehicle control group and three groups receiving different doses 
of drug. Additional groups of rodents may be included for toxico-
kinetic determination or if there is to be a drug-free recovery 
period for some animals. The OECD guidelines recommend ten 
rodents per sex per group as sufficient for most cases of subchronic 
and chronic toxicity testing (http://www.who.int/tdr/publica-
tions/documents/safety_handbook.pdf. Accessed 16 Feb 2017). 
Nonrodent studies follow the same design of a control/vehicle 
group and three additional groups receiving different doses of 
drug. For nonrodents, usually dogs or nonhuman primates (NHP), 
the numbers per group may be quite low. Neither rodent nor non-
rodent study group sizes are based upon statistical power calcula-
tions. Sponsors may change the number of animals based upon 
scientific rationale. However, there is a balance between the desire 
to reduce, refine, and replace animal testing, and the desire to 
increase numbers of animals to detect a defined toxicological effect, 
such as a difference in liver enzymes with a certain statistical power. 
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The small sample size of both rodent and nonrodent safety assess-
ment is compensated for by study designs that minimize variability 
(e.g., use of inbred animals) and the use of suprapharmacologic or 
toxicologic doses. These doses are limited by a number of factors. 
The concept of the lethal dose for 50% of the population (LD50) 
was abandoned long ago, both for ethical reasons and as it is a 
gross assessment of toxicity that does not take into account sub-
lethal toxicities. A maximal tolerated dose is preferred as the high-
est dose in any safety assessment study. This is a dose that causes 
definite but subtle toxicity that does not threaten survival, such as 
limited weight loss, decreased rate of gain, or adverse change in 
clinical chemistry parameters. Other limitations to the doses that 
may be used include exaggerated pharmacology (e.g., an antico-
agulant or antihypertensive), saturation of absorption (raising the 
dose does not increase exposure), or feasibility (it is impractical or 
inhumane to try to administer additional drug). The midrange 
dose is designed to help delineate a dose-response effect. The low-
est dose used is intended to produce an exposure similar to that 
intended for humans. The use of supratherapeutic doses in general 
raises the possibility that mechanisms will be called into play that 
do not exist or are irrelevant at pharmacologic or therapeutic doses.

Safety assessment studies sometimes use animal models of disease 
to study safety or drug efficacy. In routine safety assessment, the 
rodents and nonrodents are healthy, usually drug naïve, receive no 
concurrent medications during the study and live under uniform 
conditions of housing, diet, and exercise for the duration of the study. 
Mice tend to be inbred, while rats, dogs and NHP are usually out-
bred. Even so, the commonly used laboratory species show far greater 
genetic similarity than does the human population. This is a signifi-
cant limitation to hazard characterization, particularly in the liver 
where polymorphisms in enzyme expression exist among the human 
population. This polymorphism in the livers of humans cannot ade-
quately be captured in one genetically limited strain of one species of 
animal. The variability of human diet, lifestyle choices, comorbid dis-
eases and concurrent medications is not represented in the use of 
young, healthy, drug naïve animals living under standardized condi-
tions of diet, light cycle and general husbandry. The likelihood of a 
single animal model study identifying the true idiosyncratic hepato-
toxicity of humans that is attributed to as yet incompletely undefined 
genetic, disease and medication factors is vanishingly small.

10 Clinical Chemistry in Safety Assessment

Despite the limited genetic diversity of the animals, they usually 
display a spectrum of sensitivity to the drug being tested. The 
parameters most often used for evaluating hepatic effects are clinical 
chemistry and histopathology. The primary serum-derived clinical 
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chemistry indicators are subject to variability from factors that 
include diurnal rhythms, handling, restraint, anesthesia, and the 
blood sampling procedure itself [16]. The species specificity, 
plasma half-lives of each clinical chemistry parameter and interpre-
tation are beyond the scope of this chapter. The reader is referred 
to detailed recommendations published by the American Society 
for Veterinary Clinical Pathology (ASCVP) for the application of 
clinical chemistry parameters in detecting hepatic damage [17]. It 
should be noted, that some parameters are typically given more 
weight than others. Alanine aminotransferase (ALT) and aspartate 
aminotransferase (AST) are recommended for assessing hepatocel-
lular injury in rats, dogs, and nonhuman primates in nonclinical 
studies. Extrahepatic factors such as muscle injury may affect the 
circulating levels of ALT and AST. Additional or supplemental 
indicators of liver injury include serum sorbitol dehydrogenase 
(SDH) and glutamate dehydrogenase (GLDH). These two dehy-
drogenases are more specific than the transaminases and may be 
useful in the species where ALT activity is low or not specific to 
liver, such as in swine and guinea pigs. Alkaline phosphatase (ALP) 
and total bilirubin are the primary serum indicators for hepatobili-
ary effects. Bone and intestinal effects may both increase the levels 
of ALP. There are several possible causes of increased total biliru-
bin also, making neither ALP nor total bilirubin specific for hepa-
totoxicity. Circulating bile acids may be useful as indicators of 
biliary damage although not specific indicators of the kind of dam-
age. See Fig. 1 for a list of clinical chemistry parameters used for 
identifying hepatobiliary effects [17].

Another way to evaluate the liver for possible drug-induced 
effects is by the functional capacity. Circulating levels of proteins, 
in particular albumin, total cholesterol, triglycerides, glucose, and 
urea may be indicative of the protein synthetic competence of the 
liver. It is also possible that prior to hepatic necrosis, the protein 
synthetic machinery is slowed or disabled, making synthetic func-
tion a more sensitive indicator of hepatobiliary effects than the 
serum transaminases or dehydrogenases. Prothrombin, produced 
by the liver, has the shortest circulating half-life of the coagulation 
factors and may be a useful indicator of decreased synthetic  capacity. 
Activated partial thromboplastin time is considered another sup-
plemental parameter for liver function [17].

As previously noted, some parameters are given more weight 
than others. In particular, AST and ALT may receive more atten-
tion both from regulators and from drug developers as these are 
typically monitored in clinical studies. This may lead to missing 
more subtle signals, such as decreased synthetic capacity of the liver 
or alterations in coagulation parameters. Given the complexity and 
redundancy of hemostasis, such changes may not be obvious. 
Alterations in specific protein synthesis may also be very difficult to 
identify in a study unless specifically and deliberately examined.

Elizabeth Hausner and Imran Khan

minjun.chen@fda.hhs.gov



405

Results or changes in any of the clinical chemistry parameters 
are usually compared to the concurrent controls. Concurrent con-
trols are preferable as they are the most accurate comparators of 
the effect of the contemporary animal husbandry and handling 
techniques upon clinical chemistry and histopathology. When con-
current controls are unavailable, historical controls may be useful if 
they are from studies conducted at the same facility within a rela-
tively recent number of years as genetic drift may occur with time 
and geographic isolation of breeding colonies [18]. Husbandry 
and facility environmental conditions may change over time, all of 
which are factors contributing to variability in both clinical chem-
istry parameters and histopathological background.

A combination of altered clinical chemistry parameters that cor-
relate with a histopathological finding in the liver is generally a 
strong signal for an adverse liver effect. This kind of correlation with 
a dose response further strengthens the signal for toxicity. While a 
dose response in multiple parameters helps to identify hepatic 
involvement, the small numbers of animals in any study make it easy 
to miss or miss-classify an effect. A group mean value for any of the 
hepatic-associated clinical chemistry parameters may be elevated by 
changes in a single animal. Such changes are  frequently dismissed as 
spurious, due to normal variability, or otherwise irrelevant. Given 
the small sample size of most nonclinical animal studies, any indica-
tions of hepatic damage in single animals per drug treatment should 
be explored rather than dismissed out of hand.

11 Dose Response

It is also important to remember that while a desired pharmaco-
logic effect may be present with a linear dose response, this is not 
necessarily true for an adverse effect. Plasma levels do not necessar-

Fig. 1 Clinical chemistry parameters used in nonclinical safety assessment
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ily reflect tissue levels of drug or reactive intermediate. The bio-
logically effective dose for an adverse event represents the amount 
of the toxic or culpable entity at the critical tissue location and may 
be influenced by accumulation of drug or metabolite. In the clinic, 
genetics, diet, concurrent medications and health conditions also 
play a role. A variety of terms have been used to describe other 
phenomena such as paradoxical, preconditioning, or adaptive to 
name a few. These phenomena are accompanied by a dose response 
curve that may change shape with time [19].

12 The Overall Interpretation

The overall hazard characterization includes

●● Identification of a No Observed Adverse Effect Level
●● Are there any clinical pathology findings in the animals?
●● Are there any histopathology findings in the animals?
●● Metabolites: are the human metabolites represented in the 

nonclinical species?
 – Are there species specific metabolites?
 – Are there structural alerts in the metabolites?

●● Is enterohepatic recirculation apparent?
●● Does drug or drug product accumulate in the liver?
●● What is the nature and severity of the clinical pathology and 

histopathology findings?
●● Are any effects reversible?
●● Can the effects be monitored?

A critical question is whether a no observed adverse effect 
level (NOAEL) has been identified. If so, what is the apparent 
safety margin between the exposure or dose at which the no 
adverse effect occurs, and what is the proposed exposure for the 
therapeutic effect? If clinical data exists, how does the nonclinical 
information compare? The disease indication and patient popula-
tion need to be considered also. An acceptable safety margin will 
depend upon the combination of the nature of the effects (severity, 
reversibility, can they be monitored), the indication, and the 
patient population.

Any sponsor finding a signal for adverse liver effects may con-
duct nonclinical, hypothesis-driven experiments to try to charac-
terize the findings, mechanism of action or potential contributing 
factors. This information may be helpful in determining the mech-
anism or apparent safety margin. It may be possible to identify 
genetic polymorphisms associated with increased risk, potential for 
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drug-drug interactions, or factors leading to adverse effects. If the 
efficacy and toxicity of the drug are too closely linked in relation to 
dose, there may be limitations to a safe path forward for that 
particular drug.

13 For the Future

There is an ongoing effort to find more sensitive and specific 
biomarkers of general liver and biliary injury, and indicators of 
susceptibility to idiosyncratic DILI in particular. Any new ani-
mal biomarker should be usable in both animals and humans, or 
“translatable.” The clinical chemistry indicators of hepatic 
injury are used in both humans and nonhumans. The strengths 
and weaknesses (nonspecificity, residence time in the blood) are 
also similar across species. Histopathology as used in nonclinical 
studies is less than desirable as a translational biomarker as it is 
invasive. A number of entities are being explored for serum-
derived biomarkers of DILI as discussed in detail in several 
chapters in this book. These proposed biomarkers include, 
GLDH high-mobility group box-1 protein (HMBG1), keratin-
18(K-18), and a number of micro- RNAs, such as miR-122 and 
miR-192, and others. GLDH, a relatively liver-specific enzyme, 
is expressed in the mitochondrial matrix of hepatocytes and has 
been documented as a sensitive and specific biomarker in human 
liver injury and also as a marker of liver mitochondrial injury in 
rodents administered with acetaminophen [20–22]. It is a good 
predictor of hepatic necrosis in rats [21, 22]. High-mobility 
group box 1 (HMGB1) is a chromatin binding protein passively 
released from necrotic cells. It is actively secreted in a hyper-
acetylated form by immune cells, potentially allowing for dis-
crimination of necrosis and immune activation [23, 24]. 
Keratin-18 (K-18) is a structural protein that is released full 
length into the serum during necrosis. In the apoptotic process, 
this molecule undergoes cleavage by caspase, allowing for dif-
ferentiation of the cellular processes [25]. Micro RNAs may 
enter the blood stream passively as a result of cell death or may 
be actively released via exosomes [20–22]. Numerous -omic 
methodologies are currently being explored also [20, 22]. An 
important aspect of the success or failure of these potential bio-
markers is the validation of the detection system for each species 
as well as awareness of species differences in the biology, patho-
physiology, or tissue selectivity of the biomarker. Moreover, it is 
unlikely that a single biomarker will be very useful in predicting 
DILI; however, their utility as biomarkers could be significantly 
improved when used in combination with other biomarkers and 
clinical/nonclinical evaluations.
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14 Conclusion

Nonclinical safety assessment offers important information about the 
inherent pharmacological and toxicological properties of a new drug. 
Sponsors may use QSAR and SAR at multiple times throughout the 
safety assessment process, both for the analysis of parent drug for 
structural alerts and for the analysis of metabolites. From a regulatory 
perspective, radiolabel distribution studies provide valuable informa-
tion about persistence of drug-associated radiolabel in different 
organs, including the liver and may provide indications of enterohe-
patic recycling. The in vitro metabolite studies in conjunction with 
in vivo metabolite profiles and pharmacokinetic information provide 
clues as to the possibility of an active or reactive metabolite with pro-
longed residence time in the liver. While the in vivo safety assessment 
studies receive a great amount of attention or are given extra weight 
in the overall interpretation, they have some inherent limitations and 
it is highly possible to miss subtle signals such as decreased synthetic 
capacity, especially if a traditional linear dose response curve is not 
apparent for the toxicity. The in vivo studies may become more infor-
mative if enhanced and based upon the QSAR and metabolic data. 
That is, if there is an alert for a potential reactive metabolite, the 
in vivo work could be modified to include examination of adverse 
effects, such as mitochondrial effects, oxidative stress, or interference 
with hepatic transport systems and by using appropriate biomarkers. 
A single animal in a dose group showing some form of hepatobiliary 
adversity is often dismissed as a spurious finding. Instead, given the 
small sample sizes and genetic limitations of the nonclinical studies, 
these single or few animal findings should be further explored to 
determine if they represent a true safety signal. It may be helpful also 
if the post-treatment observations can be compared with pretreat-
ment values in the same animal. The ultimate goal is to identify hepa-
totoxic compounds as early in development as possible, for the safety 
of clinical trial participants and the general public.

Disclaimer

This book chapter reflects the views of the authors and should not 
be construed to represent FDA’s views or policies.
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Chapter 20

Hy’s Law and eDISH for Clinical Studies

John Senior and Ted Guo

Abstract

We present in this review a brief background of innovative concepts underlying the expression of Hy’s law 
and the diagnostic eDISH program. The term Hy’s law is a sobriquet stated by Robert Temple in April 
1999, with Dr. Hyman Zimmerman present but modestly objecting. Subsequently John Senior and Ted 
Guo in the Food and Drug Administration (FDA) Office of Pharmacoepidemiology and Statistical Sciences 
(OPaSS) together developed in 2003–2004 a graphic program called eDISH, acronym for evaluation of 
Drug-Induced Serious Hepatotoxicity in clinical trial subjects. It aimed at facilitating diagnosis of the 
probable cause of significant serum liver test abnormalities. Step one was to look at all values over time of 
serum alanine aminotransferase (ALT) and total bilirubin (TBL) in all subjects in a trial, and display peak 
values of both ALT and TBL for each subject in an x-y plot to assess incidence by severity. Step two was a 
time course plot and clinical narrative to diagnose whether subjects of interest with more severe changes 
of both peak ALT and TBL were caused by the drug, at least probably, meaning more likely than by all other 
possible causes combined. The eDISH program was intended for use in clinical trials by FDA medical 
reviewers, but has been copied and widely misunderstood. The first step ALTxTBL plot does NOT define 
a Hy’s law case; to do so requires making a medical differential diagnosis of probable drug cause. The 
eDISH program is NOT simply a graph of serum chemistry elevations.

Key words Serum enzyme activities, Serum bilirubin concentration, Causality diagnosis, Time course, 
Clinical narrative
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CDER Center for Drug Evaluation and Research (FDA)
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NAD+  Oxidized form of nicotinamide adenine dinucleotide = old name 
DPN, diphosphpyridine nucleotide (oxidized form)

NADH Reduced nicotinamide adenine dinucleotide = old name DPNH2, 
diphosphpyridine nucleotide (reduced form)

NE, NW, SE, SW Quadrants of an eDISH first plot (North = Upper, East = right, 
South = lower; W = left

NIH National Institutes of Health
OPaSS Office of Pharmacoepidemiology and Statistical Science
OTS Office of Translational Sciences
RUCAM Roussel-Uclaf Causality Assessment Method
TBL Serum total bilirubin
ULN Upper limit of normal

1 The Innovators

The time around 1950 was a watershed, the year of formation of 
the Association for the Study of Liver Diseases (ASLD), renamed 
3 years later the American Association for the Study of Liver 
Diseases (AASLD). The idea of creating a new subspecialty of hep-
atology had incubated in the library of the Hektoen Institute at 
Cook County Hospital in Chicago where Dr. Hans Popper [1] had 
gathered a group of colleagues to meet and talk about liver prob-
lems. It was the year when Dr. Hyman Zimmerman at the 
Washington Veterans Administration Hospital was writing up his 
first paper [2] on liver injury caused by a drug. He had observed 
that high doses of oral and intravenous aureomycin sometimes 
caused liver toxicity, and wrote about a series of six cases, four fatal, 
of liver failure in patients he had seen during his medical residency 
at Ballinger Hospital. It was also the year a young student, Arthur 
Karmen, started in medical school at New York University. Before 
graduation in 1954 he had developed a rapid method [3] to mea-
sure serum transaminase activity to diagnose myocardial infarction 
that revolutionized clinical medicine. The ground-breaking new 
ideas of the three investigators led to development of insights that 
was at first a tale of three cities: Chicago, Washington, and 
New York, then spread quickly all over the world.

Hans Popper (Fig. 1) was especially interested in the histologic 
study of the liver, and in using both light and fluorescence micros-
copy. After his discharge from military service in 1946, he worked 
with Murray Franklin to review [4] all cases of fatal hepatitis at 
Cook County Hospital back to 1929 and contrasted post-mortem 
histologic appearances of those livers with what he had observed in 
many military personnel during World War II, mostly due to infec-
tious viral hepatitis. Both Popper and Franklin felt they could dif-
ferentiate between those cases and the “Cook cases” that were 
mainly diagnosed “toxic hepatitis.” Hans Popper’s passionate 
interest attracted colleagues and they decided [1] in 1949 to start 
a new medical society of hepatology, called at first the Association 
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for the Study of Liver Diseases (ASLD). Dr. Leon Schiff of Miami 
was elected as the first president to serve in 1950 until the follow-
ing year, with Robert Kark as treasurer, and Popper as secretary 
(and the driving force behind the scene).

Hyman J. Zimmerman (Hy to his friends) (Fig. 2) also had 
been an Army doctor in World War II. After discharge he served a 
medical residency 1946–8 at Ballinger Hospital in Washington 
(later called DC General Hospital from 1953 until it was closed in 
2001). He learned there to do needle biopsy of the liver, and noted 
a distinction between the very common infectious viral hepatitis 
that he had seen in World War II and the various liver injuries diag-
nosed as being caused by drugs at Ballinger. He used liver biopsy 
to study effects on the liver of many other disease states such as 
renal, cardiac, malignant, metabolic (diabetes), and pulmonary dis-
eases, as well as in various infections, and to study the diagnosis 
and management of liver diseases more generally. He published 
several articles on use of plasma enzymes for disease diagnosis 
before he focused on toxic hepatopathy, and in 1978 published [5] 
his monograph “Hepatotoxicity: The Adverse Effects of Drugs 
and Other Chemical on the Liver.”

Arthur Karmen (Fig. 3) was accepted as a medical student at 
New York University in 1950 and was recruited in 1952 to work 
with two cardiologists (John S. LaDue and Felix Wroblewski) to 
search for a new indicator (what we would now term a biomarker) 
to diagnose myocardial infarction. He worked a year (1952–1953) 
in the laboratory of Severo Ochoa (who shared with Arthur 
Kornberg the 1959 Nobel Prize for discoveries of RNA and DNA), 
learning to measure activity of serum glutamic oxalacetic transami-
nase (SGOT), first using paper chromatography, required several 
days, but then by a quick assay needing only 5 min [6].

Coupling the transamination reaction (Fig. 4) to remove the 
product oxaloacetic acid by reducing it to malic acid by adding 

Fig. 1 Hans Popper (24 November, 1903–6 May, 1988), founder of hepatology as 
a special field
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malic dehydrogenase and DPNH2 (diphoshopyridine nucleotide, 
reduced, later called nicotine adenosine dinucleotide, NADH) 
speeded the reversible transamination reaction, and pulled it more 
rapidly to completion, as suggested by Ochoa. The second reac-
tion (reduction) rate could be followed by spectrophotometric 
decrease in absorption peak at wavelength 340 mμ, as NADH was 
oxidized to NAD+. The new method could also be used to mea-
sure glutamic pyruvic transaminase activity in serum (SGPT), later 
renamed alanine aminotransferase (ALT) for the amino acid sub-
strate rather than the product of the reversible reaction. The work 
of Karmen was immediately confirmed [7] in Italian patients with 
viral hepatitis by Fernando De Ritis, who had read the preliminary 
report [3] in Science, published a few months earlier than the full 
article [6] in the Journal of Clinical Investigation. Another Italian 
paper [8] considered AST in liver homogenates. While Karmen 
was busy in 1954–7 with internship and medical residency at 
NYU, Wrobleski and LaDue pursued study of transaminases, first 
SGOT in liver disease [9] and then SGPT [10].

Fig. 2 Hyman J. Zimmerman (19 July, 1914–12 July, 1999), definer of drug- 
induced liver disease

Fig. 3 Arthur Karmen (10 July, 1930–), developer of rapid, simple serum enzyme 
biomarkers)
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In medical school at the same time as Karmen, but in 
Philadelphia at the University of Pennsylvania, one of the coau-
thors of this chapter (John Senior) was also then an intern who 
became intrigued by the clever new spectrophotometric assay for 
serum transaminase activities. He used the paper [6] published by 
Karmen in January 1955 as a guide to the method and obtained 
permission to use the equipment of the laboratory at the Hospital 
of the University of Pennsylvania at night, for helping to diagnose 
acute myocardial infarction in his patients and those of other 
interns.

The ideas of Popper, Zimmerman and Karmen stimulated 
hundreds of other investigators all over the world, and established 
a basis for the future. Their innovative concepts were:

Hans Popper—development of a new medical subspecialty: 
hepatology;

Hyman Zimmerman—drug-induced liver injury distinct 
from other liver diseases;

Arthur Karmen—evaluating major organ injury by rapid 
serum enzyme assay.

2 Growth and Attempts at Standardization

The discovery of serum enzyme activity as a measure or estimate of 
liver injury fairly rapidly started a series of short reports from all over 
the world raising questions on whether elevation of serum enzyme 
activities such as ALT could be relied upon to diagnose drug  causality. 

Fig. 4 Transamination
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After his 1959–62 research fellowship at the Massachusetts General 
Hospital, Senior, together with two medical residents, used 
Karmen’s method to study post-transfusion hepatitis [11] at the 
Philadelphia General Hospital (PGH), finding that its incidence 
there was almost 1000 times higher than it was currently believed to 
be in the United States. This was discovered by concurrent mea-
sures of serum ALT and Australia antigen (Au) [12] in prospective 
blood donors at PGH, showing a clear association between the 
serum biomarkers and development of hepatitis in recipients. It 
allowed identification of potential donors who tested positive for 
the antigen and exclusion of their blood from administration, which 
reduced posttransfusion hepatitis there by about 65%. This was con-
firmed elsewhere and published [13] later. Epidemiologic studies 
[14–16] searched for biochemical markers and the Australia antigen 
was found to be associated [17] with particles in the blood of infec-
tious donors that rapidly were identified [18] as excess protein coats 
of the hepatitis B virus itself, and identification [19] of the B virus. 
Hans Popper finally agreed to serve as President of AASLD in 1963, 
gradually turning its control over to its governing board. He was 
aware of the PGH work and in 1969 appointed Senior to join the 
governing board of AASLD. During his 10 years of service there, 
Senior learned about the seminal ideas [20] of Zimmerman on liver 
injury caused by drugs, and delved into the first edition of 
Zimmerman’s book. He was the 25th president of AASLD in 1974, 
and initiated that year a course in the format of a classic clinical-
pathological conference (annual courses ever since). With his 
AASLD vice-president, Bill Summerskill, he also started activities to 
create a lay organization, the American Liver Foundation in 1976, 
under Dr. Burt Combes, and in 1981 the journal called Hepatology, 
first editor Dr. Irwin Arias. By the end of the 1970s, hepatology was 
well established, and AASLD was attracting hundreds then thou-
sands of registrants to its annual fall meetings. The 1978 mono-
graph by Zimmerman had made drug-induced liver injury 
increasingly well recognized, although it was still unclear on how to 
diagnose it. He had repeatedly stated in lectures and writings that 
“drug-induced hepatocellular jaundice is a serious lesion” with sub-
stantial mortality. This caught the attention of Dr. Robert Temple 
at the FDA, who began looking for cases as they came to his atten-
tion overseeing reviews of new drugs for approval. In France, inter-
est developed on defining adverse drug reactions [21] and 
standardizing criteria. They began to appreciate how difficult it was 
to diagnose [22] drug- induced liver injury (DILI). A very important 
meeting was called by Benichou and Danan, who were employees 
of the Roussel Uclaf pharmaceutical company in Paris. They invited 
leading hepatologists to meet in Paris in June 1989 to discuss drug-
induced liver disease, sponsored by the Council for International 
Organization of Medical Sciences (CIOMS), funded and reported 
[23] by Roussel Uclaf. Attending were:
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France B. Begaud, Bordeaux

J. P. Benhamou (chairman), Clichy

C. Benichou, Paris (Roussel-Uclaf)

G, Danan, Paris (Roussel-Uclaf)

G. Lagier, Paris (Ministry of Health)

Denmark N. Tygstrup, Copenhagen

Germany J. Bircher, Herdecke

Italy F. Orlandi. Ancona

Switzerland Z. Bankowski, Geneva (CIOMS)

J.F. Dunne, Geneva (World Health Organization)

United 
Kingdom

J. Neuberger, Birmingham

United States H. Zimmerman, Washington

W. Maddrey, Philadelphia

This report was followed in 1993 by the scoring system that has 
become known as the RUCAM, for Roussel-Uclaf Causality 
Assessment Method, written [24, 25] by Gaby Danan and Christian 
Benichou, who attempted to simplify and evaluate the conclusions 
of the Paris meeting 4 years before, especially focusing on the cau-
sality problem. They recognized that the experts invited were 
experts in liver disease but not necessarily in what they called “cau-
sality assessment” that required weighting of factors without depen-
dence on their hepatology expertise and could be done by 
nonhepatologists. Point values from −3 to +3 were somewhat arbi-
trarily assigned to several factors, namely:

 1. time from drug administration to onset of the reaction, 0 to +3;
 2. course of the reaction, −2 to +3;
 3. risk factors for reactivity, 0 to +2;
 4. other drugs administered concomitantly, −3 to 0;
 5. other nondrug cause. −3 to +2;
 6. previous information on the drug in question, 0 to +2; and 

finally
 7. response to readministration, rechallenge, −2 to +3;

or plasma concentration known to be toxic, +3;
or laboratory test with high specificity, sensitivity, and predictive 
value that has been validated, −3 to +3. (The last presumably 
referred to some new biomarker that could be relied upon.)

Despite the attempt to free the scoring system from opinion 
and experience, the RUCAM still required considerable judg-
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mental skills and was subject to them. Interpretation of final 
scores as drug-induced was taken as: 0 or less, excluded; 1–2, 
unlikely; 3–5, possible; 6–8 probable; and >8 highly probable. 
Assessments were based on narratives or clinical histories of sin-
gle cases but were proposed for possible use in clinical trials of 
new drugs. A recapitulation and enthusiastic retrospective 
endorsement of the RUCAM is included in this volume (Chap. 
27 by Rolf Teschke and Gaby Danan).

3 Hy’s Law

A second key year was 1999, when several more seminal events 
took place. Senior had joined the FDA as a medical reviewer for 
gastrointestinal drugs in June 1995, and became acquainted with 
reviewers in other divisions. Reports on two new drugs, trogli-
tazone and bromfenac, were disturbing. Both drugs were approved 
in 1997 despite evidence of liver injury, and after approval patients 
treated showed serious and sometimes fatal hepatotoxicity. 
Troglitazone was a promising novel agent for treatment of diabe-
tes. It was an antidiabetic, anti-inflammatory drug of the thiazoli-
dinedione class, developed at first by Daiichi Sankyo in Japan, then 
by Parke-Davis as Rezulin in the United States for patients with 
type 2 diabetes mellitus. Although there were signals of liver toxic-
ity, it was approved on 29 January, 1997. Liver dysfunction [26] 
and deaths were reported [27, 28] soon after. Bromfenac was a 
nonsteroidal analgesic and anti-inflammatory drug approved for 
pain relief 15 July, 1997 and marketed by Wyeth-Ayerst as Duract, 
with instructions not to use it for more than 10 days. Despite those 
label warnings, some patients took it for longer, and acute liver 
failure, liver transplantation, and death occurred in three patients 
[29–31]. It was withdrawn [30] quickly from the market by the 
sponsor on 22 June, 1998. Upon learning in the summer of 1998 
about the reports of the serious liver toxicity of these new drugs, 
Senior called Dr. Zimmerman at his home and asked if he thought 
it might be a good idea to organize a conference of medical and 
other FDA reviewers to discuss the problem of FDA approval of 
drugs that caused life-threatening adverse effects. He agreed and 
offered to participate. We proceeded to plan a conference on seri-
ous adverse effects of approved drugs, held 19–20 April 1999 at 
the University of Maryland Conference Center at Shady Grove 
(Fig. 5). It attracted about 325 FDA reviewers and had to be 
repeated in November for 75 more. Hy Zimmerman was present 
although unable to talk because of progressing lingual carcinoma 
and had asked Dr. James Lewis [32] to speak for him.

Although other drugs with other toxicities were included, the 
conference centered on troglitazone and bromfenac. In the 
 discussion period on the first day Robert Temple remarked that he 
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Fig. 5 First DILI Conference 19 April 1999
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Fig. 5 (continued)

had for many years seen cases of liver Injury occurring in patients 
receiving drugs, and concluded that the Zimmerman statement 
“drug-induced hepatocellular jaundice is a serious lesion” was true, 
as he reiterated in retrospect in a paper published [33] several years 
later. Further, Zimmerman had stated [6, page 353] that the mor-
tality rate in patients with jaundice ranged from 10% for isoniazid 
and alpha-methyldopa to 50% for halothane and cinchophen. 
James Lewis showed the slide set prepared by Hy Zimmerman and 
commented [32] on the slides but the major discussion occurred 
when Hy was able to come to the front and contribute to the dis-
cussion, writing notes passed to Senior. The Zimmerman observa-
tion was based on his extensive review of thousands of patients 
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with liver dysfunction and failure over four decades of intensive 
inquiry, where the most important question was whether the 
abnormal laboratory values indicated by the serum chemical tests 
were caused by the drug in question or by disease. The next 
 question was whether the characteristic liver changes were due to 
injury to some underlying hepatocytes or biliary cells; the third 
question was whether the injury to hepatocytes was extensive 
enough to cause jaundice because the remaining hepatocytes were 
unable to carry out whole-liver function of clearing bilirubin from 
plasma, resulting in visible jaundice. Temple coined the term “Hy’s 
law” as a modification of the Zimmerman term “drug-induced 
hepatocellular jaundice.” Elevation of serum total bilirubin (TBL) 
above 2× ULN was taken to represent dysfunction of the liver with 
jaundice (visible possibly in scleral conjunctivae, depending on 
lighting conditions skin color, and observer experience). Serum 
transaminase activity of >3× ULN was also used to indicate at least 
moderate acute hepatocellular injury, as declared by consensus of 
experts [34] to be “markedly abnormal” at a Fogarty meeting in 
1978. (The true complexity of what serum ALT values should be 
considered normal was discovered [35–37] later.) Both levels were 
taken arbitrarily at low levels, to increase the sensitivity of detec-
tion, with admitted loss of specificity and false positive conclusions. 
It was emphasized that these measures were not diagnostic for 
DILI, but required additional clinical determination that the liver 
injury and dysfunction were caused by the drug and not by some 
other liver disorder. The Temple definition of the Zimmerman 
statement that he dubbed “Hy’s law” led to modest objection by 
hy Zimmerman, but since he could not speak he indicated it by 
shaking his head to signify “no.” Temple also indicated that the 
Hy’s law cases (usually just a few) needed to occur in a context 
where there were more cases of elevated serum ALT without jaun-
dice in more subjects on drug than on control agents as an ancil-
lary finding, which senior then dubbed “Temple’s Corollary.” 
Three months later Hy Zimmerman died [38] on 12 July 1999, 
1 week before his 85th birthday, but he left autographed copies of 
his second edition of the monograph for several of his friends and 
a final review article was published [39] posthumously in early 
2000. The meetings of April and November 1999 had included a 
total of about 400 FDA reviewers, who thereafter began to demand 
and receive much more detailed data and verbal information about 
possible liver toxicity of new drugs under development by industry 
sponsors. This first DILI conference led to another meeting the 
following year [40] organized by the NIH, and aroused interest by 
the pharmaceutical industry asking to be included, and a second 
DILI conference was organized and presented [41] on 12–13 
February 2001. That meeting in Chantilly, Virginia brought 
together speakers and registrants from the FDA, the pharmaceuti-
cal industry and academic consultants to both, a pattern that estab-
lished the format for succeeding DILI conferences.
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4 eDISH

Following the first two DILI conferences in 1999 and 2001, Guo 
and Senior ruminated on how the key ideas expressed by 
Zimmerman and popularized by Temple as Hy’s law might be 
visualized graphically. To begin, we wanted to apply the concepts 
developed by Zimmerman in his study of many individual cases to 
clinical trials in which hundreds of subjects would all be studied in 
the same way and data recorded. It was felt that it was obviously 
better to detect serious hepatoxic potential before approval than to 
find it later. In considering the Zimmerman dictum “drug-induced 
hepatocellular jaundice” as it might apply to finding cases in clini-
cal trials before approval, it was clear that “jaundice” was easy to 
detect as elevated serum bilirubin. Hepatocellular injury is nearly 
always reflected by increased serum ALT, but the hard part was 
how to determine if those abnormalities were caused by the drug. 
It looked like the three elements had to be tackled in reverse order: 
find jaundice, find hepatocellular injury, and consider if it was 
drug-induced. Just finding the first two was not enough to fulfill 
the Zimmerman dictum. Very high on the RUCAM list of impor-
tant factors were time relationships of liver test measures, and a 
good medical history in narrative form. The latter had been the 
classic information used for decades to diagnose toxic hepatitis, 
drug-induced liver injury, toxic hepatopathy, etc. The idea of 
expressing this graphically came to both Senior and Guo when 
they were working in the Office of Pharmacoepidemiology and 
Statistical Sciences (OPaSS) under directorship of Dr. Paul 
Seligman in 2002–4. Serial data over time would be available for all 
the subjects in a clinical trial, as required by the protocol, a much 
more complete data base than ever available in clinical practice for 
study of isolated single cases. Inclusion of all subjects made possi-
ble the estimate of incidence of degrees of abnormality of the mea-
sures, and of finding serious or severe cases, which were expected 
to be rare, based on previous clinical experience and the literature. 
Any such serious cases (disabled, hospitalized, showing liver fail-
ure) would then need detailed examination of the time course of 
changes and clinical history to make possible the difficult diagnosis 
of DILI. Just finding liver trouble was not enough, and fulfilling 
the Zimmerman dictum or the watered-down Hy’s law required 
that the abnormalities be at least probably drug-induced, not due 
to some other disease or uncertainty. Uncertainty was 100% when 
one started with elevated ALT and TBL; the difficult problem was 
to reduce it. “At least probably” DILI was taken to mean that the 
combined likelihood of all other possible causes, including uncer-
tainty, were estimated to be less than 50%.

A visualization software tool we named eDISH (evaluation of 
Drug-Induced Serious Hepatotoxicity) was created around year 
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2002–2003 as a working prototype two-step program with very 
basic capabilities: to inspect at first the incidence of potential liver 
injury cases in a clinical trial, and secondly try to make a diagnosis 
of their causes. The eDISH tool was created using commercial 
software named SAS/IntrNet as the platform, designed to mimic 
the thought process that goes into medical differential diagnosis of 
probable drug-cause of liver injury. The first key step was to 
 visualize incidence of serious cases of possible concerns by showing 
all subjects in the study at a glance. That makes some subjects with 
significantly elevated values “stand out,” prominently in the first 
graph. The second step was aimed at making a medical diagnosis of 
the most likely cause.

Shown in Fig. 6 is a 2004 example of the first eDISH graph for 
all-subject visualization. The data used here are based on a real-life 
new-drug application. To protect the confidentiality of the drug 
maker, subjects on the active treatment were denoted as “X,” and 
“C” as control arm.

This is a two-dimensional scatter plot by treatment group, 
based on s subjects’ injury-caused ALT measurements and liver- 
function indicator, TBL. In this scatter plot, the X-axis represents 
the ALT multiples of the upper limit of normal ranges (ALT × ULN), 
while the Y-axis, the TBL, displayed on a log 10 scale. The entire 
plot is divided into four quadrants: SW, NW, NE, and SE quad-
rants. The dividing lines thus decided were considered reasonable 
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at the time, to be inclusive and maximize sensitivity, at the risk of 
losing specificity. All subjects with peak ALT × ULN >3 and peak 
TBLxULN > 2 fall into the NE or right upper quadrant. These 
subjects are potentially Hy’s law cases IF THEY ARE DRUG- 
INDUCED, but require further investigation of the time course of 
liver tests measured over the period subjects were observed and a 
narrative to make that diagnosis. The graph in Fig. 7 is the second 
eDISH graph of chemical enzymes (ALT, AST, and ALP) and liver 
function (TBL) for a single subject 7259.

Here is how eDISH works: After eDISH is launched, the first 
eDISH graph appears. If we decide to investigate a subject (green 
circle with ID number 7259 in first graph), we simply point and 
click on it. This action triggers a SAS program running in the back-
ground, resulting in the display of a time-course graph of all 
enzymes and bilirubin values for that subject during his/her period 
of obsedrvation in the study, the abscissa being the time in days 
since starting drug administration (green line).

SAS/IntrNet conveniently provides links between subjects in 
the first eDISH graph and the second eDISH graph. Among other 
technical advantages that SAS possesses, such as data processing 
and a wide range of statistical procedures, we particularly appreci-
ated the drill-down capability SAS/IntrNet provides. In other 
words, SAS/IntrNet provides such a feature that we can turn a 
static scatter plot to a dynamic one: each point in the scatter plot is 
now a hyperlinked to a time-course graph, the second eDISH 
graph. The second eDISH graph is critical; to help in making a 
diagnosis of the possible cause, so a medical reviewer can easily see 
the time-course display of the four chemical measures: ALT, TBL, 
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AST, and ALP, over the whole period of time the subject was under 
observation in the study. Subjects located in the right upper or NE 
quadrant of the first eDISH graph were considered especially 
 worthy of further interrogation as subjects of special interest, but 
not Hy’s law cases until diagnosis of drug-induced cause could be 
made. Further interrogation augmented the time-course graph 
through a review of medical history (or clinical narrative), which 
can be opened easily from within the eDISH program under the 
second graph.

Cases with elevated serum bilirubin that might be diagnosable 
as jaundiced are in the upper quadrants (NW and NE), while cases 
with elevated serum ALT are in the right quadrants NE and 
SE. Therefore, the subjects in the left lower quadrant (SW) who 
showed no significant elevations of either biomarker of liver injury 
or dysfunction were considered “normal” or of low interest. 
Subjects whose serial clinical trial data placed them in the right 
upper (NE) quadrant were those who needed the additional infor-
mation of time course and narrative to diagnose the probable 
cause of the abnormalities, which possibly could be caused by 
many different liver disorders. It is incorrect to assume that all 
subjects whose data put them in the right upper quadrant are Hy’s 
law cases without determining the likely cause of the abnormal 
findings. The SAS/IntrNet capabilities are especially useful for 
this 1–2-step process. True Hy’s law cases tend to be rare, and it 
is important to pull these “needles from haystacks” in evaluating 
new drugs in clinical trials.

Currently, eDISH in SAS/IntrNet is running on the FDA 
server and can be accessed by the medical reviewers via Intranet 
behind a security firewall. The security is for the data, not for the 
eDISH program that processes it. The sponsor-provided data 
were checked for their conformity to the eDISH Data 
Specifications. If qualified, they were stored in a centrally located 
file server for eDISH analyses or future research programs. 
Currently, Potential users of eDISH will request and receive 
unique access code in accordance with the FDA’s security regula-
tions. Over the decade or more that it has been in use, it has been 
modified and improved. Errors were fixed; unused functions were 
removed; new features were added. Therefore, it serves as both 
review and research tools. The eDISH program was not written 
overnight, but took many months to develop in the period 2002–
2004 when Guo and Senior were working together in the same 
Office of Pharmacoepidemiology and Statistical Science (OPaSS). 
An initial presentation [42] of these concepts was made to a small 
group of investigators at a meeting 28 January, 2005 at a local 
meeting site in Rockville MD.
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5 DILI as an Ongoing Global Problem

The NIH funded a study group of hepatologists in the United 
States in 2004, calling [43] it the Drug-Induced Liver Injury 
Network (DILIN). They elected first to use both the RUCAM 
system used widely elsewhere, and the process of DILI diagnosis 
used by Zimmerman, based on the clinical history and physical 
findings, symptoms and time course of liver tests. However, in all 
his hundreds of published papers and two monographs of 1978 
and 1999, Zimmerman never defined exactly how he made the 
diagnosis of “drug-induced.” He knew one when he saw it, but 
like recognizing a face, it is difficult to describe in words and 
remains a thorny problem. The FDA Guidance to Industry “Drug- 
Induced Liver Injury: Premarketing Clinical Evaluation” that was 
published [44] in 2009 specified that “no other reasons could be 
found to explain the combination of increased AT and TBL, such 
as viral hepatitis A, B, or C; preexisting or acute liver disease; or 
another drug capable of causing the observed injury.” Finding true 
Hy’s law cases in a clinical trial is a matter of great concern, espe-
cially if there is more than one, and may delay or prevent drug 
approval. The RUCAM program [24] was the first effort to tackle 
the problem, and is still widely used by its original name despite 
the sale of the Roussel Uclaf company successively to Hoechst, 
Aventis, and Sanofi. When the DILIN was formed, the team mem-
bers used both the RUCAM and overall judgment. The clinical 
narrative included medical history, physical findings, medications, 
and laboratory data for each patient, and was used for both meth-
ods by three of its members who independently rated each case to 
develop causality scores. After cases were evaluated by both meth-
ods, they found [45–47] RUCAM to be less reproducible. After 
12 years of experience with hundreds of cases, the DILIN group 
recognizes [48] that expert opinions vary, that the process is costly, 
cumbersome, and time-consuming, and that consensus does not 
always equal truth. Nevertheless, the expert opinion process, mod-
eled after that used by Zimmerman himself, is the best current 
method [49, 50] for evaluating the likelihood that an observed 
predominantly hepatocellular injury sufficiently severe to cause 
jaundice and probably caused by the drug in question is still the 
gold standard. The eDISH program has been partially copied by 
many companies that were not using the SAS/IntrNet program 
available only within the FDA, considering only the first relative 
incidence plot of ALT × TBL, and incorrectly calling the right 
upper quadrant cases as Hy’s law cases. They are, however, cases of 
special interest which require additional examination by time 
course and narrative to diagnose Hy’s law, which primarily requires 
that the liver test abnormalities be caused by the drug and not by 
some other liver disease, a determination that is not always easy 
[51] and may lead to wrong diagnosis in many cases. Beyond that, 

John Senior and Ted Guo

minjun.chen@fda.hhs.gov



427

the right upper quadrant cases sometimes have been wrongly 
claimed to be diagnostic of HY’s law. To misdiagnose Hy’s law 
cases by counting all cases of elevated serum ALT and TBL is 
incorrect. It is important in review of new drugs for approval to 
detect true Hy’s law cases, which is not easy and requires more 
information than simple serum chemistry elevations for diagnosis. 
It is also important in follow-up of approved drugs to diagnose 
Hy’s law correctly, to avoid costly investigation of false positive 
cases and to begin correct treatment of the real cause. Reviewers 
should be aware that the cases of combined elevations of ALT and 
TBL indicate cases of special interest but are not diagnostic of Hy’s 
law, and require study and more work to establish a correct diag-
nosis of their cause. This is applicable to premarketing studies 
before approval and also to post-marketing studies in larger num-
bers of “real-world” patients treated after conditional approval.

Disclaimer

The views expressed are those of the authors and do not necessarily 
represent the position of nor imply endorsement from the U. S. 
Food and Drug Administration of the United States’ Government.
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Chapter 21

Variability in Baseline Liver Test Values in Clinical Trials: 
Challenges in Enhancing Drug-Induced Liver Injury 
Assessment in Subjects with Liver Disease

Bereket Tesfaldet, Gyorgy Csako, Tejas Patel, Md Shamsuzzaman, 
and Eileen Navarro Almario

Abstract

Baseline liver test (LT: alanine aminotransferase, aspartate aminotransferase, alkaline phosphatase, total 
bilirubin) values were examined in contemporaneous drug product applications for autoimmune disease 
(Group A), for diseases that could involve the liver (Group B), for hepatobiliary disease (Group C) and in 
a reference group with no overt liver disease. The upper limit of normal (ULN) values and hence the clas-
sification of an LT as a multiple of ULN varied widely across trials. Most baseline LT values were within 
the ULN, although the distribution curves of LT values in overt hepatobiliary disease gradually diverged 
from the other disease groups within the range of values considered to be normal, consistent with the 
exclusion of subjects with baseline LT 1.5–2 × ULN from most studies. Nonetheless, LT values >3 × ULN 
occurred in all groups, as in the reference group, suggesting underlying liver disease in the populations 
studied. Drug-induced liver injury (DILI) is challenging to assess in subjects whose baseline LT values are 
greater than ULN. Detection of DILI in subjects with liver disease will require an assessment of disease 
status, liver morphology and function, and LT elevations should be interpreted in light of natural disease 
variation. Population- and disease-specific thresholds predictive of DILI are needed to guide drug use in 
subjects with liver disease, given the increasing prevalence of nonalcoholic steatohepatitis (NASH), alcoholic 
steatohepatitis (ASH) and multidrug and supplement use. Standard definitions of liver cirrhosis and 
decompensation and standardized data on liver morphology and function can support these assessments.

Key words Liver injury, Adverse reactions, Drug trials, Data standards, Reference standards, Diagnosis, 
US Food and Drug Administration

1 Introduction

Drug-induced liver injury (DILI) is an uncommon adverse reaction 
that can result in liver failure and death. Liver injury is possible 
when values of alanine aminotransferase (ALT), aspartate amino-
transferase (AST) and alkaline phosphatase (ALP) are observed 
above the upper limit of normal (ULN). Low-level elevations of 
these enzyme test values are common [1], and can be an artifact of 
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testing [2] or represent injury from disease [3], environmental tox-
ins [4, 5], and drugs or nutritional supplements [6, 7]. On the 
other hand, more extensive test elevations (liver test [LT] 
>3 × ULN) following drug exposure have been shown to predict 
mortality [8] when accompanied with organ dysfunction as evi-
denced by visible jaundice equivalent to at least twice the value of 
direct bilirubin. These LT elevations, unexplained by any other 
cause, accompanied by an increased incidence in the new drug rela-
tive to control is the most specific predictor of a drug’s potential for 
severe hepatotoxicity [2]. The US Food and Drug Administration 
(FDA) guidance recommends routine monitoring of these LTs for 
all drugs in development [9, 10] and has instituted hepatic expert 
consultation as a key element of DILI screening in review of new 
drug applications (NDA). Review efficiency is enhanced by the use 
of the e-DISH (evaluation of drug-induced serious hepatotoxicity), 
a program that computes postbaseline LT elevation as a multiple of 
the ULN and relies on data adherent to the Clinical Data Interchange 
Standards Consortium (CDISC) Study Data Tabulation Model 
(SDTM) format currently required for FDA submissions [11].

The utility of DILI prediction based on comparison to a normal 
reference has not been evaluated in subjects whose baseline LT val-
ues are above the ULN [12], such as in patients with liver disease. In 
these patients, LT values can be monitored to assess toxicity, but, 
when the natural history of their variation is well understood (e.g., 
ALP and bilirubin [BILI] for primary biliary cholangitis [PBC] or 
ALT for chronic hepatitis C [CHC] [2, 13–38]), also serve as end-
points of successful treatment of liver disease. Any changes in LT 
values in these patients therefore need interpretation in context of 
the extent of liver dysfunction, the subject’s age, gender, comedica-
tions, and other comorbid conditions.

In this chapter, we describe the variability in four LT (ALT, AST, 
ALP and total BILI) baseline values obtained in registrational trials 
received at the FDA in subjects with and without liver disease and 
review the trial protocols to characterize the populations studied and 
available documentation of liver morphology and function. A descrip-
tion of the variability in baseline LT in these populations could inform 
design and patient selection in trials of new drugs to treat liver disease 
and promote submission of clinical trial data in a standard format.

2 Materials and Methods

New drug applications and biologic licensing applications (BLAs) 
are currently required to be submitted in electronic format to sup-
port computerized data analyses [39]. Applications that enrolled 
predominantly adult subjects in phase 1–3 trials and that adhered 
to the standardized study data requirements were selected for 
inclusion. Trial subjects who received at least one dose of treatment, 

2.1 Data Source 
and Trial Selection

Bereket Tesfaldet et al.
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and had pretreatment results for all four LTs, with specified ULN 
comprised the analysis population.

Eligible studies were classified into three groups of subjects whose 
baseline LT could be greater than ULN due to previous treatment 
with drugs known to cause DILI (Group A), or whose underlying 
disease could involve the liver (Group B) or who had overt liver dis-
ease (Group C), whereas subjects with no overt liver disease served as 
a reference. Group A consisted of subjects with the autoimmune dis-
eases ankylosing spondylitis (AS), multiple sclerosis (MS), psoriasis/
psoriatic arthritis (PS) or rheumatoid arthritis (RA). Group B con-
sisted of subjects with cancer with or without liver metastasis, Type 2 
diabetes mellitus (T2DM) with potential NASH, community 
acquired pneumonia (CAP) with or without bacteremia, or tubercu-
losis (TB). Group C consisted of subjects with known hepatobiliary 
disease, i.e., chronic hepatitis B (CHB), CHC, NASH, or PBC. To 
represent the range of LT values in a relatively healthy population, 
our reference group consisted of community-dwelling subjects with 
no overt liver disease, including schoolchildren with head lice (HL), 
enteric disorders (ED) such as intestinal parasites, functional bowel 
disorders and vacationing travelers who received prophylaxis for diar-
rhea, and older adults of both sexes (hypogonadal males [HG-M] 
and postmenopausal osteoporotic females [OP-F]).

Protocol specifications for inclusion and exclusion criteria, age, body 
weight or body mass index (BMI), status of liver function (presence 
of cirrhosis and decompensation), underlying disease severity, dis-
ease activity, co-occurring viral infections, presence of underlying 
liver disease, drug and alcohol abuse, comorbidities, concomitant 
medications, dietary restrictions, frequency and extent of monitor-
ing of LTs, and discontinuation criteria are summarized in Tables 1a, 
and 1b, along with specifications for DILI data and analyses required 
in the FDA guidance [9, 10]. In addition to demographics, the fol-
lowing patient-level data were extracted from the trial datasets: treat-
ment arm, treatment start date, visit days, values for ALP, ALT, AST, 
and BILI, and the corresponding ULN value. Pretreatment values 
represent all measurements of LTs obtained for screening purposes 
as well as those flagged as baseline in SDTM (or taken at day 1 for 
non-SDTM data) prior to administration of test drugs.

Tabulation data were curated to a uniform format and a common 
data model to enable integrated analyses using SAS version 9.4 
(SAS Institute, Cary, NC). For continuous variables, mean values 
with standard deviation (SD) and median with first (Q1) and third 
(Q3) quartiles were calculated, and the minimum and maximum 
values identified. Categorical variables were expressed in percent-
ages. Box-and-whisker plots were used to describe the variability of 
LTs along a logarithmic scale to better illustrate outlier values. 

2.2 Trial Grouping 
for Analysis

2.3 Data Collection 
and Protocol Review

2.4 Data Analysis

Variability in Baseline Liver Test Values in Clinical Trials
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Frequency of elevations above the ULN was tabulated and repre-
sented in bar charts by disease group.

3 Results

The aggregated dataset consists of 122,499 subjects with screen-
ing and baseline LTs from 234 phase 1–3 clinical trials (Table 2). 
Of these subjects, 40% were in Group B, 16% were in Group A and 

3.1 Demographics

Table 2 
Aggregated LT database by therapeutic area in various study groups

Group
Therapeutic  
area

Number of  
trials

Number of 
subjects

Number of 
pretreatment lab 
values per subject

Mean
Median 
(range)

REF ED 7 3966 2 2 (1–4)

HG-M 12 1898 1.2 1 (1–4)

HL 5 876 1 1 (1–1)

OP-F 29 30236 1.5 2 (1–5)

Subtotal 53 36,976 1.6 2 (1–5)

A AS 2 589 2.1 2 (1–4)

MS 6 6939 1.9 2 (1–5)

PS 14 5468 2 2 (1–4)

RA 16 6548 1.8 2 (1–4)

Subtotal 38 19,544 1.9 2 (1–5)

B CANCER 21 5670 1.7 2 (1–6)

T2DM 62 40918 3.3 3 (1–12)

CAP 3 1503 1.2 1 (1–2)

TB 1 1052 2.4 2 (1–5)

Subtotal 87 49,143 3.1 3 (1–12)

C CHB 2 1298 2.1 2 (1–4)

CHC 50 15034 1.9 2 (1–6)

NASH 1 64 2 2 (2–2)

PBC 3 440 3.2 3 (1–5)

Subtotal 56 16,836 2 2 (1–6)

Total 234 122,499 2.5 2 (1–12)

Variability in Baseline Liver Test Values in Clinical Trials
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14% were in Group C. The majority of the trial population con-
sisted of white adult subjects. Asians were the second largest 
 demographic group (Table 3). The reference group, representing 
a third of the population, enrolled subjects representing the broadest 

Table 3 
Demographic characteristics of subjects enrolled by study group

Reference 
(N = 36,976)

Group A  
(N = 19,544)

Group B 
(N = 49,143)

Group C 
(N = 16,836)

Sex, n(%)

  Female 33,534 (90.7) 11,867 (60.7) 21,836 (44.4) 6799 (40.4)

  Male 3442 (9.3) 7677 (39.3) 27,307 (55.6) 10,037 (59.6)

Races, n(%)

  Alaskan 33 (0.1) 283 (1.5) 549 (1.1) 51 (0.3)

  Asian 2911 (7.9) 2571 (13.2) 7798 (15.9) 1660 (9.9)

  Black 2399 (6.5) 359 (1.8) 3190 (6.5) 1430 (8.5)

  Hawaiian 8 (<0.01) 12 (0.1) 69 (0.1) 37 (0.2)

  Other 771 (2.1) 2135 (10.9) 1114 (2.3) 245 (1.5)

  White 30,854 (83.4) 14,184 (72.6) 36,423 (74.1) 13,413 (79.7)

Age (yrs), mean ± SD 60.21 ± 13.1 44.88 ± 13.1 56.93 ± 11.8 50 ± 11.1

Age groups, n(%)

  Not Stated 7 (<0.01) 643 (3.3) 22 (<0.01)

  <18 644 (1.7)

  18–45 2813 (7.6) 9352 (47.9) 7237 (14.7) 4519 (26.8)

  45–65 18,187 (49.2) 8092 (41.4) 28,737 (58.5) 11,258 (66.9)

  65–75 12,371 (33.5) 1285 (6.6) 10,560 (21.5) 1002 (6)

  75+ 2954 (8) 172 (0.9) 2587 (5.3) 57 (0.3)

BMI (kg/m2), mean ± SD 26.87 ± 5.6 27.33 ± 6.5 30.95 ± 8 26.78 ± 5

BMI groups, n(%)

  Not stated 12,139 (32.8) 63 (0.3) 3390 (6.9) 21 (0.1)

  <18.5 368 (1) 632 (3.2) 1388 (2.8) 248 (1.5)

  18.5–25 2663 (7.2) 7430 (38) 5797 (11.8) 6386 (37.9)

  25–30 3126 (8.5) 6019 (30.8) 12,612 (25.7) 6411 (38.1)

  30+ 18,680 (50.5) 5400 (27.6) 25,956 (52.8) 3770 (22.4)

Bereket Tesfaldet et al.
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age range, although the majority of individuals were postmenopausal 
females with osteoporosis. Females in the osteoporosis trials were 
older (mean age 64.3 ± 7.68 years) and lighter (mean BMI 
25.7 ± 4.1 kg/m2) than males with male hypogonadism (mean age 
48.7 ± 9.75 years and mean BMI 32.4 ± 4.8). There was a higher 
proportion of women in trials of autoimmune disorders (Group A) 
than in trials of systemic disease (Group B), or known hepatobili-
ary disease (Group C). Subjects with autoimmune disease (Group 
A) were younger than subjects in the other study groups.

The ULN value was provided for individual subjects and was age- 
and gender-specific, based on the respective central laboratory ref-
erence interval [25, 40–42]. The exception was a new drug 
application with multiregional trials that utilized multiple central 
laboratories and scaled all test values to an ULN value cited in a 
textbook. The majority of subjects had two sets of LTs collected 
prior to treatment (one screening and one baseline) and the mean 
and median number of tests were close; the notable exception was 
in patients with T2DM, who made up the largest patient group, 
and for which the mean number was larger than the median, indi-
cating a distribution with a positive skew. Patients with T2DM had 
more baseline LTs tests conducted, including one subject with an 
extreme of up to 12 sets of pretreatment LTs performed (Table 2). 
There were fewer baseline tests conducted in the reference group 
compared to subjects in other groups.

The median and inter quartile range (IQR) of baseline ALT val-
ues divided by the corresponding ULN values were calculated 
(Fig. 1a). The ULN values ranged from 20 to as high as 80 U/L 
across various trials and varied by disease group. Subjects enrolled in 
the trials of Group A had the narrowest range of ULN reference val-
ues (20–56 U/L), whereas Group B had the broadest range of ULN 
(24–80 U/L). The ULN range of the reference group was 
20–74 U/L. As expected, for subjects with hepatobiliary disease 
(Group C) the median (and IQR) in baseline ALT values were gener-
ally greater than ULN compared to Groups A and B. Note that for 
Group C, the median and IQR approached the norm (1 × ULN) in 
subjects with a reference ULN closer to the maximum value of 
67 U/L. For Groups A and B, the median and IQR generally fell 
below 1× ULN and exceeded this value when the ULN reference was 
close to the lower end of the range (25–30 U/L).

The ranges and cumulative distributions of the raw baseline 
ALT values, the normalized baseline ALT values, and the ULN 
ALT values for Groups A, B, and C and the reference group are 
shown in Fig. 1b. The cumulative distributions for both the raw 
and normalized baseline ALT values were similar across groups, 
however, the distribution curves of ALT values in Group C gradu-
ally diverged from the disease groups without overt liver disease 
within the range of values considered to be normal. The separation 

3.2 Variability  
in ULN Values and 
Pretreatment LT 
Results

Variability in Baseline Liver Test Values in Clinical Trials
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of ALT values for Group C appears to be most evident for raw ALT 
values at 100–200 IU (magnified inset on the left pane) and for 
normalized values at 2.5–5 × ULN (inset in the middle pane).
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ULN ( x ULN, middle panel) and actual value of the reference ULN (U/L, right panel). Black bars on the x axis represent 
individual samples.  The magnified inset represents the range of values where the widest separation of values occurs 
between subjects with liver disease (group C)  vs the reference and groups A and B. 

Fig. 1 Baseline ALT (U/L) Values by Study Group (a) Multiples of ULN over the Normal Range, (b) Cumulative 
Distribution of ULN values, raw ALT values and Multiples of ULN
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Table 4 
Proportion of subjects with elevated baseline ALT compared to reported prevalence  
of elevated values by study group

Baseline ALT × ULN

Group

This Study, n (%) Reported in Literature

Disease >1 × ULN >2 × ULN >3 × ULN >5 × ULN

> ULN or 
(Actual 
value)

% > ULN  
or (U/L, range) [Reference]

REF ED 496 (12.5) 59 (1.5) 8 (0.2) 2 (0.1) (Median) (15 U/L, 
9–44)

[43]

HL 218 (24.9) 34 (3.9) 16 (1.8) 2 (0.2)

HG-M 204 (10.7) 18 (0.9) 1 (0.1) 0 (0) (Mean) (26 U/L, 
5–46)

[45]

OP-F 1600 (5.3) 69 (0.2) 24 (0.1) 5 (<0.1) (Mean) (20 U/L, 
5–190)

[44]

A AS 35 (5.9) 4 (0.7) 2 (0.3) 0 (0) > 1 × ULN 0 [24, 51]

MS 792 (14.5) 62 (0.9) 23 (0.3) 6 (0.1) > 1 × ULN 6–9.1 [17, 18]

PS 502 (7.2) 97 (1.8) 24 (0.4) 2 (<0.1) > 2 × ULN 1-2 [49, 50]

RA 465 (7.1) 30 (0.5) 6 (0.1) 1 (<0.1) > 2 × ULN 1-2 [49, 50]

B CANCER 573 (10.1) 84 (1.5) 25 (0.4) 2 (<0.1) > 1 × ULN 
(Mean)

33.8- 36  
(124 U/L M 
58 U/L F)

[53, 54, 
80]

T2DM 5489 (13.4) 490 (1.2) 82 (0.2) 13 (<0.1) (> 43 U/L) 17 [24]

> 2 × ULN 23 [81]

CAP 273 (18.2) 47 (3.1) 12 (0.8) 2 (0.1) > 1 × ULN 8.3–17 [55, 56]

TB 223 (21.2) 54 (5.1) 16 (1.5) 3 (0.3) > 2 × ULN 4 [33]

>5 × ULN 0.4

C CHB 1162 (89.5) 640 
(49.3)

345 
(26.6)

149 
(11.5)

> 1 × ULN 49 (M) 58 (F) [40]a

CHC 11298 
(75.1)

4865 
(32.4)

2283 
(15.2)

581 (3.9) > 1 × ULN 92 [34]

NASH 15 (23.4) 3 (4.7) 1 (1.6) 0 (0) > 1 × ULN 23 [27, 61]

77 [60]

PBC 260 (59.1) 123 (28) 55 (12.5) 12 (2.7) > 1 × ULN 45 [65]

> 5 × ULNa 47–95 [66]
a overlap syndrome with autoimmune hepatitis
M males, F females

Variability in Baseline Liver Test Values in Clinical Trials
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The frequency of baseline elevations of ALT relative to ULN by 
disease group are compared to the prevalence of elevated ALT 
as reported in the literature (Table 4), whereas the variability of 
baseline values (mean, median, IQR and outliers) for all four 
LTs are shown by disease grouping in Figs. 3, 4, 5, and 6. The 
rate of ALT elevation >1 × ULN was lowest in Group A, fol-
lowed by Group B, the reference group and Group C, in ascend-
ing order. The observed prevalence of tests >1 × ULN was lower 
in trials of cancer and diabetes (Table 4) in comparison to the 
reported rates of these ALT abnormalities in the published 
literature.

This group consisting of a broad age range of ambulant subjects 
with little comorbidity served as our reference population and 
made up a third of our total study sample (Tables 2 and 3). The 
mean and median LTs of most subjects in this group were within 
reported ULN values (Fig. 3) [43–45]; similarly, the prevalence of 
values that exceeded 1× ULN is consistent with the reported range 
of values in a healthy population [1, 29, 32, 42, 46, 47]. The maxi-
mum ALT ULN value (75 U/L) exceeds published US ULN ref-
erence (33–35 U/L) [1, 48] whereas the minimum value (20 U/L 
in subjects with HL) is less than the values proposed as discrimina-
tory for liver disease in the US population (29 U/L in females and 
22 U/L in males) [47].

As noted, the HL trials had the lowest reference ULN values 
(Fig. 2) and could account for the falsely elevated normalized ALT 
values that exceeded the other rates in the group (Table 4, Fig. 3). 
By comparison, the ULN for hypogonadism (HG) was at the 
extreme end of the range (55 U/L) (Fig. 2) and the proportion of 
subjects with ALT >2 × ULN was well within the reported 
 frequency of these values in a US population (Table 4). Subjects 
with known liver disease were excluded from these trials based on 
the investigator’s definition of clinically significant LT abnormali-
ties or based on the prespecified exclusion criterion of >1.5 × ULN 
(Table 1a).

The 38 trials of treatments for autoimmune diseases included a 
total of 19, 544 subjects, among whom patients with AS were in 
the minority. Many patients in these trials had previously failed 
disease-modifying antirheumatic drugs with a known DILI risk 
(Table 1b). The protocols for this group of disorders generally 
excluded subjects with elevated baseline tests, chronic viral hep-
atitis, and investigator-identified “significant underlying liver 
disease”. The LT mean, median and IQR values in this group 
were generally within the ULN (Fig. 4), with a wide range of 
outlier values. The finding that 1.8% of PS subjects had ALT 
values >2 × ULN is consistent with the prevalence of elevated 
LTs reported in the literature [49, 50]; the observed rates for 

3.3 Baseline Data, 
Subject Selection, 
and Impact on DILI 
Prediction by Disease 
Group

3.3.1 Reference 
Group—LT Values 
in Subjects with no Overt 
Liver Disease

3.3.2 Group A—
Autoimmune Diseases 
Treated with Drug Known 
to Cause DILI
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AS were higher than reported [51]. Trials conducted in coun-
tries where hepatitis B is endemic enrolled subjects with base-
line LT values of up to 3 × ULN (Table 1b), with serial 
monitoring and preemptive treatment of hepatitis B. The occur-
rence of ALT elevations on treatment prompted collection of 
additional data to assess causality (e.g., screening panel for 

y axis = absolute value of the ALT ULN (U/L)       x axis = proportion (%) of subjects with the ULN value
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alternative liver disease, including chronic viral infection, auto-
immune hepatitis, antidrug antibodies). Other protocols speci-
fied that subjects undergo additional screening tests and that 
subjects be included in trials when the LT values had declined 
to their nadir.

The majority of Group B (40% of our study sample) included 
subjects with T2DM, followed by solid organ cancer (melanoma, 
thyroid, lung, colon, and neuroblastoma) (Table 2). Raw and nor-
malized ALT values in this group ranged from 3 to 499 U/L and 
from 0.06 to 14.34 × ULN, respectively (Fig. 5). The reference 
ULN for ALT varied from 24 to 80 U/L (Fig. 1a).

Type 2 diabetes mellitus. The frequency of ALT elevation in T2DM 
(1.2% with values >2× ULN) is clearly lower than the  published prev-
alence in US population-based surveys [52]. Exclusion of subjects 
with baseline LTs 2–3 × ULN was common in the trials of our sam-
ple, as was exclusion of subjects with BMI > 35-40 kg/m2. 
Nonetheless, our sample did include subjects with outlier values for 
ALT and AST of up to 10 × ULN, and these values were more 
extreme than those observed in the other diseases within this study 
group. Subjects with end-stage liver disease, defined either through 
laboratory parameters (albumin, prolonged prothrombin time, and a 
raised INR) or through clinical events (ascites, encephalopathy, vari-
ceal bleed, or a prior transplant), were excluded as were subjects on a 
recent weight loss program, or those who initiated therapy with anti-
obesity drugs or had undergone bariatric surgery (Table 1b).

3.3.3 Group B—Studies 
in Subjects with Disease 
that Could Involve the Liver
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Cancer with or without liver metastases. Most cancer protocols 
excluded subjects with baseline values >3 × ULN, including trial pro-
tocols that evaluate DILI as an adverse event of special interest 
(AESI); consequently, published rates of elevated LT in cancer are 
higher than those observed in these trials (Table 4). Protocols in met-
astatic disease, such as metastatic melanoma, however, allowed for 
the inclusion of subjects with aminotransferase elevations of 
5–10 × ULN. In this setting, outlier ALP values up to 10 × ULN 
(Fig. 5) have been observed, consistent with the published frequency 
of abnormal LTs in this malignancy [53, 54]. Trials that include 
patients with liver metastases collect additional tests for ALP fractions 
to distinguish cancer spread to the bone or liver, data on liver mor-
phology (fibrosis tests) and function (albumin, international normal-
ized ratio [INR], platelets, prothrombin, Model for End Stage Liver 
Disease (MELD) and Child–Pugh–Turcotte (CTP) scores). To assess 
immune-mediated liver toxicity for biologic therapeutic classes with a 
known DILI signal, protocols specified collection of additional tests 
such as antidrug and other antibody markers and liver biopsy with 
special staining.

Acute vs. chronic lung infection: community acquired pneumonia with 
or without bacteremia and tuberculosis. ALT elevations are of prognos-
tic significance in CAP [55, 56] and a trial protocol that allowed the 
inclusion of patients with bacteremic CAP could account for outlier 
ALT values in this group. Similarly, the frequency of ALT elevations 
>2 × ULN among the subjects with TB is consistent with the reported 
prevalence of disseminated military TB or liver injury from anti-TB 
therapy [33]. The protocols for the trial in this sample, however, 
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excluded subjects with extra pulmonary TB as well as subjects with a 
known history of liver toxicity from prior TB therapy. Nevertheless, 
the low grade liver abnormalities could represent comorbid illness or 
prior therapy in the treatment-experienced cohort.

The majority (89%) of subjects in this group had CHC (Table 2), 
compared to 8% with CHB, reflecting the pace of drug develop-
ment for these prevalent liver infections. On the other hand, NASH 
is increasingly prevalent globally and the small sample of subjects 
(n = 64) in our sample reflects early development efforts in this 
disease. Similarly, subjects with PBC represented only 3% of the 
subject sample in this group, as PBC is a rare disease, although 
overlap with other immunologic disease may increase the current 
estimate of 4 in 10,000. NASH and PBC are represented in this 
grouping not only to describe the baseline LT values, but to 
describe the extent of data collected at baseline in subjects with 
liver disease. This information is compared to repeat test values 
obtained on treatment to characterize treatment response as well 
as retrospectively assess whether liver abnormalities on treatment 
are attributable to drug or disease. The spread of raw ALT values 
from subjects in this group was greater than in other groups, rang-
ing from 4 to 1160 U/L, and when normalized to the ULN, var-
ied from 0.1 to 33.12 × ULN (Fig. 1a). The reference ULN value 
for ALT varied from 23 to 67 U/L. Except for a small number of 
subjects with NASH, the majority of the population in this group 
had values that exceed 1 × ULN (Fig. 6) for ALT and AST.

Chronic hepatitis B and C. The populations enrolled in these stud-
ies were monoinfected with either hepatitis B or hepatitis C, except 
for small trials of HIV coinfected subjects. Close to half of subjects 
with CHB and 30% with CHC had values of ALT >2 × ULN at 
baseline. Protocols allowed for inclusion of subjects with AST/
ALT values <10 × ULN and BILI of <1.5–2 × ULN; studies in 
CHC specified at least two measures of ALT elevations, with at 
least 1 elevated value identified within 1–2 months of the first dose 
of study drug. The mean, IQR and outlier ALT values for CHB 
were higher than that observed for CHC (Fig. 6). Of the CHC 
subjects with cirrhosis, 56% had baseline values of both ALT and 
AST > 2 × ULN [57]; the comparable values in subjects without 
cirrhosis were 28% for ALT and 18% for AST (data not shown). 
Patients with chronic hepatitis who have previously failed treat-
ment and have documented cirrhosis have had more extensive data 
collected at baseline, including tests of hepatic morphology and 
function, in addition to tests for viral load, viral genotype, and LT 
values. The test criteria used to establish cirrhosis varied across pro-
tocols reviewed (e.g., Knodel vs CPT vs MELD scores) [58, 59].

Nonalcoholic steatohepatitis. A minority (4.7%) of subjects enrolled 
in this trial had baseline LTs > 2 × ULN, substantially less than the 

3.3.4 Group C—Studies 
in Subjects with Liver 
Diseases
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published prevalence of LT abnormalities in this disease (Table 4) 
[27, 60, 61]. Compared to the other disease categories in this 
group, subjects with NASH tended to have a higher proportion of 
baseline mean and median LT values within the ULN, with a few 
outlier ALT and AST values >2 × ULN but well within the 
<5 × ULN limit specified in the protocol exclusion criteria. The 
database had extensive documentation of liver morphology and 
function, metabolic and biomarker tests (e.g., anthropometric 
measures, full metabolic profiles including glucose handling, cho-
lesterol and lipid fractions, albumin, coagulation tests, bile acids, 
MELD score, liver histology, imaging and transient elastography, 
MRI-determined hepatic fat, patient response questionnaires 
(PBC-40, 5-D, and pruritus visual analog scale) [62, 63], TNF-α, 
TGF-β, IL-6, and cytokeratin 18 (CK-18) fragment assay). 
Multiple exploratory analyses evaluated the change from baseline 
in these markers, along with a change in ALT, AST, and BILI [64].

Primary biliary cholangitis. The most extreme elevations in base-
line values for ALP were observed in subjects with PBC (Fig. 6) 
and were accompanied with ALT elevation in close to a third of 
patients, with some elevations in excess of >5 × ULN. The rates of 
LT > 1 × ULN are consistent with published estimates [65], but 
the frequency of LT values >5 × ULN is lower than reported [66]. 
Phase 2 studies excluded subjects with these more extreme (> 
5 × ULN) aminotransferase elevations. The protocols called for 
extensive baseline documentation of the status of PBC activity, 
including symptoms and physical examination findings, markers of 
progression to cirrhosis, occurrence of portal hypertension, lipids, 
imaging, and histology.

4 Discussion

The incidence, temporality, reversibility, and severity of an event 
influences the risk management plans for DILI signals that occur 
with a new drug [67]. Interpretation of any LT changes on drug 
treatment over baseline LT as possible DILI requires a good 
understanding of these factors. We describe the frequency and 
extent of baseline LT abnormalities in trials submitted to FDA, and 
characterize the populations included in these studies to inform an 
assessment of the likelihood of identifying DILI using current 
review practice and to enable consideration of future trial design 
and patient selection criteria.

In patients without known hepatobiliary disease, (Groups A and 
B, and the reference group) there was little variability in baseline LT 
values, as shown by the steep and similar cumulative distribution 
functions in Fig. 1. The majority of the trial population had homog-
enous LT values despite the variation in ULN values across studies, 
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differences in laboratories utilized in the individual trials and the fact 
that trial populations were recruited from multiple regions with 
genetically different populations [68, 69]. Patients with hepatobili-
ary disease had higher and more variable LT values, as expected, 
although ALT values within ULN are common in subjects with 
CHC [70]. Persistent ALT elevation of 2.25 × ULN in subjects with 
CHC, for example, results in liver cirrhosis [34], ALT elevations at 
this level result in a visible separation of subjects with hepatobiliary 
disease from the groups with no known liver disease, although would 
still fall within the steep slope of the normalized baseline cumulative 
distribution curve in our trial sample. An observed decline from this 
baseline elevation in ALT with effective treatment is expected to be 
beneficial to patients with CHC. The distributions curve that results 
in visible separation of subjects with hepatobiliary disease from the 
rest of the treatment groups could signify the appropriateness of the 
inclusion criteria selected for these trials.

On the other hand, while the occurrence of outlier ALT values 
(> 3 × ULN) in all groups could suggest unrecognized liver disease 
in our study sample, the prevalence of LT values within ULN may 
not entirely exclude hepatic disease. For example, the difference 
between ALT values reported for metabolically healthy women (ALT 
18.4 ± 6.4 U/L) and their counterparts with metabolic syndrome 
(ALT 27.4 ± 14.7) [71] is narrow, with potential overlap. These val-
ues would similarly fall within the steep slope of the raw baseline ALT 
values in our cumulative distribution curve and depending on the 
ULN value, may be considered within the range of normality. We 
note as well that the prevalence of ALT elevations >2 × ULN in 
T2DM in our trial sample is lower than reported. The exclusion of 
subjects with LT abnormalities and significant comorbidity in new 
drug applications for a broad range of diseases could have contrib-
uted to the lack of variability in LT values among patients without 
hepatobiliary disease, as could the practice of enrolling patients after 
they reach acceptable nadir values after serial baseline testing.

Conducting a trial in which the majority of subjects have a base-
line LT value within 1 × ULN is useful in that on-treatment changes 
can potentially be better discriminated. However, exclusion of sub-
jects with comorbid liver disease and more severe liver dysfunction 
could limit experience in the safe use of these products, and raise 
questions about the approach to take (e.g., stopping rules and risk 
mitigation efforts) when LT elevations progress, because subjects 
with diminished liver reserve may not recover from DILI.

Our data show that ALT values alone may not discriminate 
between healthy subjects and those with preexisting liver injury and 
highlights the need to interpret postbaseline LT elevation along with 
disease markers and other clinical data. Baseline LT values in popula-
tions with liver disease need to be assessed against a subject’s age, 
gender, and BMI, taking into account the individual variability in 
their test values. Moreover, because low-level LT elevations are 
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common in healthy populations and because significant liver disease 
can occur with normal or slightly elevated LT values, until a more 
specific DILI biomarker is identified it seems appropriate to fully 
characterize the status of the liver disease at baseline along with liver 
morphology and function, concomitant supplements and medica-
tion. Any assessment of LT elevations on treatment needs to take 
these factors into account before attributing these changes to a new 
drug. Efficient review of a DILI signal in a new drug application will 
depend on adequate collection and standardization of these data.

Subjects with baseline LT test values >3 × ULN were present in 
all disease groups including the reference, and could be explained 
by factors such as the prevalence of obesity and cardiometabolic 
disorders leading to NASH, ubiquitous supplement, alcohol or rec-
reational or therapeutic drug use, and even the influence of envi-
ronmental toxins [4]. While these subjects are proposed for 
exclusion in first-in-human trials [72], inclusion of patients with 
baseline LT elevations in trials of diabetes or cardiometabolic dis-
ease leading to NASH could lead to an earlier assessment of the 
impacts of new treatments [73, 74]. The single trial in NASH, for 
example, excluded subjects with ALT >2 × ULN but completed 
documentation of a metabolic and endocrine panel, events or imag-
ing consistent with hepatic decompensation, imaging for fibrosis or 
fat or tumor infiltration, virologic markers, markers of congenital or 
acquired hepatic disease, and genetic markers of disease. Systematic 
assessment of this collected data is needed in populations likely to 
be treated with any new drug to identify valid, reliable and clinically 
meaningful endpoints in this highly prevalent disease. Further, 
inclusion of patients with diminished hepatic reserve may affect 
drug exposure and enable efficient assessment of appropriate dos-
ing. Other trials conducted in a development program for a new 
drug, such as dose-ranging or placebo-controlled phase 2 mono-
therapy trials, can be valuable in the assessment of DILI. In these 
studies it would be appropriate to exclude subjects with any base-
line LT abnormality to enhance the detection of a DILI signal.

Given the overlap in values among the disease groups observed 
in this study, population-specific reference criteria for routine baseline 
LTs need to be established to enable interpretation of elevations in 
light of natural disease variation. Standardized definitions of liver cir-
rhosis and decompensation and standardized data for liver morphol-
ogy, function and predictive biomarkers can facilitate systematic 
assessment of DILI in future trials. Terminology for imaging, histol-
ogy, markers for autoimmunity and immune reconstitution, concom-
itant medication, and dietary information needs to be consistently 
represented in the appropriate SDTM domains. Most of the listed 
concepts can be represented in the Events, Findings, and Interventions 
domain of the CDISC SDTM, represented in Tables 1a and 1b by 
their 2-letter variable name. Standard data representation and analy-
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 1. Ioannou GN, Boyko EJ, Lee SP (2006) The preva-
lence and predictors of elevated serum aminotrans-
ferase activity in the United States in 1999-2002. 
Am J Gastroenterol 101(1):76–82. https://doi.
org/10.1111/j.1572-0241.2005.00341.x

 2. Liu Z, Que S, Xu J, Peng T (2014) Alanine 
aminotransferase-old biomarker and new con-
cept: a review. Int J Med Sci 11(9):925–935. 
https://doi.org/10.7150/ijms.8951

 3. Bell BP, Manos MM, Zaman A, Terrault N, 
Thomas A, Navarro VJ, Dhotre KB, Murphy RC, 
Van Ness GR, Stabach N, Robert ME, Bower WA, 

Bialek SR, Sofair AN (2008) The epidemiology of 
newly diagnosed chronic liver disease in gastroen-
terology practices in the United States: results from 
population- based surveillance. Am J Gastroenterol 
103(11):2727–2736.; quiz 2737. https://doi.
org/10.1111/j.1572-0241.2008.02071.x
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HBV). J Natl Cancer Inst 108(3). https://doi.
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ses can be modeled to enable composite visualization of population 
and individual subject data for systematic regulatory review.

Optimized analyses and displays of trial data, as specified in US 
FDA Guidance [75, 76], has enabled the early identification of drugs 
with a potential for DILI [77]. Challenges in identification of DILI in 
patients with liver disease can be similarly overcome as greater insight is 
gleaned from the accumulating trial data in these patient populations.

5 Conclusion and Future Directions

Data characterizing liver function and morphology can comple-
ment routine LT in assessing treatment efficacy or DILI causality 
in subjects with overt or unrecognized liver disease. Adoption of 
population-based reference ranges [8, 78, 79] can improve assess-
ment of LT elevations and enhance understanding of LT values 
reported from multiregional trials. DILI detection can be opti-
mized with strict LT exclusion criteria in early phase studies; 
whereas data from later-phase studies that include baseline LT 
elevations enable generalization of safety findings to populations 
likely to receive the marketed drug. Collection of blood samples 
for functional, genomic, and mechanistic biomarker testing [12] 
can be performed prospectively in high-risk subjects or when 
DILI is suspected to have occurred in select trial subjects. SDTM 
adherent data can be shared across trials and mined to assess pre-
dictors for DILI risk. Understanding the baseline rates of LT 
abnormalities in various study populations could help develop 
population- specific thresholds to validate DILI signals from ongo-
ing clinical trials.
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Chapter 22

Postmarketing Surveillance of Drug-Induced Liver Injury

S. Christopher Jones, Cindy Kortepeter, and Allen D. Brinker

Abstract

Background Most clinical trials that support approval are not adequately powered to detect rare adverse 
reactions (e.g., drug-induced liver injury, Stevens–Johnson syndrome, and others) that may emerge under 
real-world use of a drug. The US Food and Drug Administration (FDA) and other global drug regulatory 
bodies conduct postmarketing surveillance for these types of adverse events.

FDA Methods FDA’s Center for Drug Evaluation and Research (CDER)—Division of 
Pharmacovigilance (DPV) is devoted to postmarketing adverse event surveillance for drug-induced liver 
injury (DILI) and other adverse events. DPV predominantly relies on clinical assessment of spontaneous 
reports submitted to the FDA Adverse Event Reporting System (FAERS) and published case reports to 
assess for DILI in the postmarketing setting. DPV uses criteria established by the Drug-Induced Liver 
Injury Network (DILIN), and others, to assess cases for causality and severity. In the past, the FDA has 
collaborated with professional groups with an interest in DILI to improve the quality of case reports. DPV 
also uses disproportionality and reporting rate analyses to detect and assess potential safety signals. 
Additionally, DPV collaborates with CDER epidemiologists who conduct analyses to refine DILI signals 
that emerge from surveillance.

Conclusion DILI continues to be a significant concern for marketed drugs and a leading cause of drug 
withdrawal from the worldwide market. Because events such as DILI are rare, systems such as those 
described in this chapter are important components of postmarketing surveillance, which is designed to 
recognize liver injury that may have gone undetected in a clinical development program for a drug.

Key words Drug-induced liver injury, Postmarket, Surveillance, Epidemiology, Drug safety, Causality 
assessment, Hepatotoxicity, Drug toxicity, Adverse event

1 Introduction and Background

The World Health Organization defines pharmacovigilance as the 
science and activities relating to the detection, assessment, under-
standing, and prevention of adverse effects or any other drug- 
related problem [1]. Surveillance is an important component of 
pharmacovigilance and this allows a drug regulatory body to detect 
and assess a new drug related safety signal. Although there are sev-
eral definitions for the term “signal,” simply put, a signal is a report 
or reports of an event with an unknown causal relationship to 
treatment that is recognized as worthy of further exploration and 
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continued surveillance [2]. The US Food and Drug Administration 
(FDA) and other global regulatory bodies conduct surveillance for 
adverse events after a drug is approved for marketing in order to 
identify safety signals. In the USA, this activity is mandated in the 
US Code of Federal Regulations (21CFR §314.80 and §600.80 
for approved new drugs and biologics, respectively). Surveillance 
activities in the USA can also capture events linked to products that 
fall into “grey-areas,” such as dietary supplements or nutraceuticals 
[3]. Drug-induced liver injury is a possible complication of medi-
cation use, and one that the FDA closely monitors once a drug is 
marketed. In fact, DILI has been one of the most frequent reasons 
for market withdrawal in the United States [4]. There are at least 
60 known drugs that have either been withdrawn or discontinued 
worldwide over concerns of liver toxicity [5, 6]. Bell and Chalasani 
have estimated that drug-induced liver injury has an annual inci-
dence of 44,000 cases in the USA, and a subset of these will die 
(10%) as result of DILI or require a liver transplant to avert death 
[7]. DILI is a relatively rare adverse reaction, and has been esti-
mated to occur at a rate of one case per 10,000 to 100,000 treated 
patients [8].

Because events such as DILI are expected to be rare, postmar-
keting surveillance for emerging safety signals is an important 
activity in the life cycle of FDA approved drugs. While premarket-
ing clinical trials provide important information regarding the effi-
cacy and safety of a drug, most are powered to test an efficacy 
endpoint, but are underpowered to detect rare adverse drug events. 
For instance, let us assume that Drug X is a newly approved antibi-
otic used to treat community acquired pneumonia. However, 
before approval, there was a preclinical hepatotoxicity concern. In 
addition, several patients in the clinical trials developed greater 
than twofold elevation in alanine aminotransferase (ALT), a bio-
marker for liver injury. The total number of patients who received 
one or more doses of Drug X is 200. In all patients who experi-
enced elevations in ALT, it returned to normal after the drug was 
discontinued. There were no cases of clinically meaningful hepati-
tis or Hy’s law cases, defined as transaminitis with elevated biliru-
bin, observed during the clinical trial, and possible alternative 
causes of elevated ALT were excluded [4]. Can we conclude that 
the drug is not a hepatotoxin? The answer is no, because there was 
insufficient enrollment in the trial to detect an event such as DILI 
that has a low background incidence rate among the general popu-
lation of medication users.

Using the concept of the rule of three (application of three 
events in the numerator when zero events were observed to result 
in the upper bound of a confidence interval [9]) if a total of 200 
patients received the treatment and none experienced significant 
liver injury, then we could conclude with 95% confidence that no 
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more than 1.5% (3/200) would experience significant liver injury 
if given the drug. However, once the drug is administered to a 
much larger population of patients who have a wide range of 
comorbidities, are different ages, use various concomitant medica-
tions, or have differing pharmacogenetics that can alter drug 
metabolism, we may see clinically significant cases of liver injury 
that were not apparent in the clinical development program. The 
inability to detect rare events in small clinical trials is a known limi-
tation of modern drug development and is one basis for pharma-
covigilance after a drug is approved. Pharmacovigilance, 
operationalized, is the surveillance of marketed drug products for 
adverse events under real-world conditions. This surveillance is 
important because we cannot be fully aware of the complete spec-
trum of toxicities, including liver injury, at the time a new drug is 
approved and introduced into the market.

The purpose of this chapter is to provide an overview of the 
FDA’s Center for Drug Evaluation and Research (CDER) approach 
to surveillance of approved drugs for potential liver injury in the 
postmarketing setting.

2 Data Sources for Detecting DILI in the Postmarketing Setting

DPV uses a variety of data sources to detect and assess DILI for 
marketed drugs. In addition to drug-approving divisions, the 
agency has a Division of Pharmacovigilance (DPV) that conducts 
postapproval safety surveillance for CDER approved drugs. This 
group is divided into teams of safety reviewers, typically comprised 
of pharmacists and physicians, who focus on specific therapeutic 
classifications of drugs. For instance, DPV will have a team devoted 
to the pharmacovigilance of oncology drugs with several pharma-
cists having specialty residency training and experience in hematol-
ogy/oncology and a specialty trained physician as a medical advisor. 
The team will assess currently available data, which are typically 
literature or spontaneous case reports submitted to the agency, to 
determine if an administered drug or a manifestation of disease or 
some other cause is responsible for an adverse event being reported 
to FDA. For reports of hepatotoxicity, this group may reach out to 
FDA employed hepatologists for advice and assessment of cases 
that are particularly challenging to discern whether a drug could 
have caused the event. The agency may occasionally seek the advice 
of outside practicing hepatologists as Special Government 
Employees (SGEs) to aid in case adjudication. FDA-CDER also 
has teams of epidemiologists who aid in refining hepatotoxicity 
signals and others once these emerge. This section of the chapter 
reviews some of the data sources that DPV staff may consult to 
assess DILI in the postmarketing setting.
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Since 1969, CDER has maintained a database of case reports 
received by the FDA that reports an adverse event to some drug. 
The database is known as the FDA Adverse Event Reporting 
System (FAERS), and it is an important component of FDA’s post-
marketing surveillance strategy. FAERS is the repository for spon-
taneous adverse event reports submitted from drug sponsors and 
the general public under real use conditions. Importantly, health-
care professionals and the public at large can report DILI and 
other adverse events directly to FDA via the MedWatch program 
using the online portal, mailing a paper form, or sharing informa-
tion by phone or facsimile with the agency [10]. It is important to 
note that any observed or suspected adverse event can be reported 
and there is no requirement for the reporter to prove that the 
adverse event was caused by the drug.

The FAERS database currently houses over 13 million reports 
describing 9.9 million distinct cases of adverse events to approved 
drugs (Fig. 1). The majority of reports in the FAERS database are 
spontaneously reported, meaning these reports are passively 
reported to manufacturers or directly to the FDA. The FDA does 
not solicit these reports. This type of system has several advantages 
in surveillance, with its predominant advantage being its ability to 
detect rare and serious adverse events. Recall the example provided 
in Sect. 1 of the chapter (Introduction and background) using 
Drug X. There was some preapproval evidence, albeit not 
 conclusive, that Drug X may be associated with liver toxicity after 
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being administered to 200 patients. After the drug is approved and 
used in a variety of clinical settings and in patients with different 
health statuses, clinicians may occasionally observe patients with 
unexplained transaminase elevation concurrent with bilirubin ele-
vation, which could indicate serious liver injury. Pharmacovigilance 
staff at CDER look closely for cases such as these and will review 
them for the role of the drug in the event. A spontaneous report-
ing system such as FAERS is a comprehensive surveillance system 
for all FDA- approved drugs.

FAERS, however, has weaknesses that are important to under-
stand. The data are passively reported to manufacturers or directly 
to the FDA. The manufacturers, in turn, submit reports of adverse 
events that they have received to the FDA. Since the data are not 
acquired through an active process, it is assumed that not all inci-
dent cases will be reported to the FDA. This concept is termed 
underreporting. Without full enumeration of all cases, it is there-
fore not possible to use spontaneous cases to estimate the actual 
incidence of an adverse event in association with a product. 
Although estimates of the magnitude of underreporting have been 
made at 1–10 percent of all adverse reactions, [11] the true size 
remains unknown and is likely variable by drug and event [12]. 
Data quality is also highly variable in spontaneous reports and 
poorly documented submissions can significantly hamper FDA’s 
ability to conduct an adequate assessment of the case. Despite 
these limitations, spontaneous case reports in the FAERS database 
remain an important and primary tool that DPV uses to conduct 
surveillance for rare and serious adverse events for currently mar-
keted drugs.

Once FDA identifies new cases of liver injury from FAERS or 
other data sources, DPV staff will conduct a causality assessment to 
better understand if a drug could be the cause. The diagnosis of 
DILI is based on excluding more common causes of liver injury, 
such as viral hepatitis. Causality assessment scales that are specific 
to DILI, such as the Roussel Uclaf Causality Assessment Method 
(RUCAM), or the Drug-Induced Liver Injury Network (DILIN), 
[13] are particularly useful to assess a drug as a potential cause. 
The causality assessment methods are detailed in other chapters in 
this book. These scales consider temporality, time to onset after a 
drug exposure, evidence of positive dechallenge, positive rechal-
lenge, exclusion of other probable causes (e.g., viral hepatitis, 
chronic alcohol intake), and known hepatotoxicity of the drug or 
other drugs that are chemically similar to the suspect drug, as fac-
tors to consider in the causality assessment. DPV staff will gather 
case details, such as results from a liver biopsy, laboratory tests 
results, and the clinical description of the liver injury, to better 
understand if the injury pattern is hepatocellular, cholestatic, or 
mixed. DPV will also use a severity scale, typically the scale 
 developed by the DILIN [13], to further grade possible cases as 
mild, moderate, moderate to severe, or severe.
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The FDA recently used FAERS to identify liver injury associ-
ated with dimethyl fumarate (DMF) in multiple sclerosis patients 
[14]. Much like the example of Drug X, the incidence of elevation 
of liver aminotransferases was higher for DMF users compared to 
study comparators. However, there were no apparent cases of seri-
ous liver injury identified preapproval. After approval, CDER/
DPV became aware of a report in the literature where severe DILI 
was linked to DMF. CDER/DPV also reviewed FAERS cases for 
DILI, and found that many reports either described nonclinically 
significant elevations in liver aminotransferases, lacked details to 
make causal inference, or were too poorly documented to ade-
quately assess. However, 14 cases of clinically significant DILI 
were identified, and all were considered possible or probable on a 
causality scale. Ten of these cases resulted in hospitalization for 
DILI. CDER/DPV assessed each case for biopsy results, hepatic 
enzymes, and other causes for the liver injury. Using information 
from this postmarket surveillance, FDA was able to identify and 
characterize DMF-associated DILI and update the DMF labeling 
to include a new warning that liver injury requiring hospitalization 
could occur [15].

FDA also conducts hypothesis generating disproportionality analy-
ses using FAERS data (also referred to as data-mining). The growth 
of spontaneous adverse event reports submitted to the FDA and 
entered into the FAERS database is exponential (see Fig. 1). With 
a growing number of reports, FDA increasingly relies on strategies 
to review these data systematically. One strategy is disproportional-
ity analysis. If we revisit our example of Drug X, we can illustrate 
how DPV could use disproportionality to detect DILI. Suppose 
we have observed a few cases of varying degrees of liver injury with 
Drug X. How many cases should we observe before we become 
concerned and take regulatory action? This relies on a number of 
factors that could include the severity of the cases, the benefits of 
the drug, and the unmet medical need the drug fulfills. We could 
also consider the proportion of cases of liver injury for Drug X 
compared to the proportion of cases of liver injury for all other 
drugs in the database. If a larger proportion of cases than expected 
are seen with Drug X, then this may indicate a new signal specific 
to that drug. Although there are a number of disproportionality 
test statistics available for use, we will describe the proportional 
reporting ratio (PRR) in an example for its ease of comprehension 
and calculation.

Suppose we observe the following for Drug X in the FAERS 
database (Table 1). The PRR is calculated by taking the proportion 
of DILI reports for Drug X and dividing it by the proportion of 
DILI reports for all other drugs in the database. Each cell in 
Table 1 contains both a value and a label (A,B,C,D) with the 
PRR = [(A/A + B)/(C/C + D)]. In the case of Drug X and DILI, 

2.2 FAERS 
Disproportionality 
Assessment 
and Reporting Rates
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the PRR is [(10/(10 + 500))/(50/(50 + 15,000)], which is 5.9. 
CDER/DPV would interpret this as FAERS reporting for Drug X 
and DILI to be 5.9 times more frequent than what we observe for 
all other drugs and DILI in FAERS. This is suggestive, not confir-
matory, for a possible signal that would require further investiga-
tion by a thorough review of existing DILI data for Drug X. If the 
PRR had been computed as one or a number less than one, we 
would interpret this as the number of reports of DILI for Drug X 
to not be disproportional to all other drugs in FAERS. The PRR 
can be large when events are reported in low frequency to 
FAERS. There are other measures of disproportionality such as the 
reporting odds ratio (ROR) and the Empirical Bayes Geometric 
Mean (EBGM) that are used in pharmacovigilance. FDA primarily 
relies on the EBGM as a measure of disproportionality because the 
statistic adjusts for low report counts. Regardless of the type of 
measure of disproportionality used, any data mining of FAERS 
data is subject to the same limitations and considerations of spon-
taneous reporting (duplicate reports, stimulated reporting, etc.) 
and interpretation of the numeric results is done judiciously, often 
involving a hands-on analysis of the cases.

Reporting rates can be used to help assess and provide context 
to new DILI safety signals. A reporting rate is calculated by divid-
ing the number of US FAERS reports of a particular adverse event 
for a given drug (numerator) by a US use estimate of that drug 
(denominator) in a specified time period. The use estimate is fre-
quently the projected number of prescriptions dispensed or the 
projected number of unique patients who received a prescription 
for a drug. Ideally, however, the numerator and denominator 
should represent the same populations (i.e., from the same data 
source), but because this is not possible using FAERS data, the 
reporting rates are therefore hypothesis generating exercises, not 
confirmatory of a new signal. Accordingly, reporting rates, when 
calculated, must be interpreted with caution when attempting to 
glean insight into the size of the at-risk population when consider-
ing other drugs in the class or background rate of the adverse 
event. As an example, if we assume that Drug X is one of three 
drugs in a therapeutic class, and there was some concern of hepa-

Table 1 
FAERS DILI reporting with Drug X and all other drugs in the database

DILI
All other events in 
FAERS

Reports for drug X 10 (A) 500 (B)

Reports for all other drugs 50 (C) 15,000 (D)

Not actual data from FAERS, these data are used for illustrative purposes only
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totoxicity at approval for Drug X, then we could use reporting 
rates to better understand the reporting observed in FAERS. If we 
observe three times the number of reports for Drug X compared 
to others in the class, does this mean this is a new signal? If we 
apply reporting rates, it could help us interpret the number reports 
that we have observed. In Table 2, if we only consider the number 
of reports (numerator) and not make an adjustment for the likely 
exposure to the drug, then we may conclude that since the report-
ing volume for Drug X is much less than others in the drug class, 
there is no safety concern with the drug. However, if we adjust the 
reporting volume using the number of prescriptions dispensed, 
then we learn that the reporting rate for Drug X is a little over ten 
times higher than for other drugs. We also know that the expected 
rate of DILI among medication users approximates 1 case per 
10,000–100,000 users, so a rate of 11.2/10,000, would be con-
sidered an unusual observation. This does not prove that Drug X 
is causing DILI but it is suggestive of a signal identified in the 
surveillance of Drug X, and warrants further evaluation. The same 
limitations that are found when using the FAERS database are 
applicable when FAERS data are used to compute a reporting rate 
(duplicate reports, uncertain causality, stimulated reporting, differ-
ent marketing periods for different products etc.). Furthermore, 
there is additional uncertainty in estimates of the exposure. For 
pragmatic purposes, reporting rates are likely most useful when 
there is at least an order of magnitude difference between the drug 
of interest and the comparator rate.

The published biomedical literature is a rich source of drug safety 
signals used in the surveillance of DILI. Compared to FAERS 
cases, literature cases are much fewer, but they are often better 
documented cases with relevant clinical details of a liver adverse 
event thereby allowing one to conduct a more rigorous causality 
assessment. Unlike FAERS cases, which have highly variable data 

2.3 Literature 
Monitoring

Table 2 
Spontaneous report counts and number of prescriptions dispensed for 
Drug X and others in the therapeutic class

Drug

US spontaneous 
report count of 
suspected DILI

US number of 
prescriptions 
dispensed

Reporting rate 
(per 10,000)

Drug X 17 15,200 11.2/10,000

Drug Y 30 330,000 0.91/10,000

Drug Z 60 700,000 0.85/10,000

Not actual data from FAERS, these data are used for illustrative purposes only
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quality, literature cases have typically undergone peer review to 
meet acceptable quality prior to publication. DPV leverages auto-
mated alerts that may be established in PubMed, Embase, or other 
literature monitoring tools, which can notify a safety reviewer of a 
new published case report or observational studies of DILI for a 
drug. For example, the FDA recently reassessed the risks of liver 
injury of ketoconazole [16]. At that time, a number of published 
case reports and some observational data, which had evaluated the 
risk of liver injury attributed to ketoconazole, were reviewed. One 
particular study, by Garcia Rodriguez [17], assessed the risk of 
acute liver injury for ketoconazole users compared to nonusers and 
to other antifungals used in the treatment of dermatophyte infec-
tions. The relative risk of acute liver injury for ketoconazole users 
was 228 (95% CI 33.9–933.0) compared to nonusers. While this 
study has limitations, such as the few observed instances of acute 
liver injury, and the sensitivity of the relative risks to small changes 
in the number of cases observed, it nonetheless, served as an 
important information source for CDER to further investigate 
ketoconazole-associated liver injury. Published investigations from 
large administrative databases, pharmacoepidemiology studies, can 
also be very useful for assessing rare adverse events that were not 
apparent at approval, and can serve as sources of signals in adverse 
event detection.

Clinical specialty networks are an important source of information 
when assessing a DILI signal. One example of a clinical specialty 
network is the United Network for Organ Sharing (UNOS). 
UNOS exists to make organs available for transplant by matching 
patients to available organs. This organization is able to track the 
number of transplants (e.g., liver and others) with details on the 
reason for transplant (liver failure from hepatitis, DILI, etc.). Since 
liver transplant is a severe outcome of DILI, this specialty network 
could prove useful to assess liver injury that has resulted in trans-
plant that is attributed to a drug.

FDA has also partnered with the Drug-Induced Liver Injury 
Network (DILIN) established by the National Institute of Diabetes 
and Digestive Kidney Disease (NIDDK) in collaboration with select 
clinical centers across the USA to collect details of cases of DILI 
linked to marketed prescription and over-the-counter drugs and 
dietary supplements. In the past, DILIN has collected and submit-
ted high quality case reports of DILI to FAERS via the MedWatch 
program. These cases then become available to our pharmacovigi-
lance teams who assess each report when evaluating a new DILI 
signal. FDA has also established similar collaborative efforts with 
the Acute Liver Failure Study Group (ALFSG) and the Pediatric 
Acute Liver Failure (PALF) Registry Study Group. These partner-
ships are greatly valued, as it enriches the quality of DILI reports.

2.4 Clinical Specialty 
Networks
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Sentinel is a national electronic system designed to conduct active 
safety surveillance for FDA approved medical products. The impe-
tus for the system was the Food and Drug Administration 
Amendments Act (FDAAA) of 2007, which required that the FDA 
develop a tool for the active safety monitoring of medical products. 
The system has been implemented using a phased approach, with 
the launch of Mini-Sentinel in May 2008, followed by a transition 
to the Sentinel System in September, 2014 [18]. The full Sentinel 
system launched in February 2016, and is comprised of data from 
multiple partner institutions that provide health insurance cover-
age to well over 100 million members [19]. Because the data part-
ners are health insurers, each will have administrative data for 
diagnoses using ICD (International Classification of Diseases) 
codes from physicians as well as dispensing codes from pharmacies. 
These codes can be used to identify outcomes of interest in drug 
safety research.

Sentinel is intended to be a complementary analytical tool to 
FAERS and other databases that are used to conduct postmarket-
ing drug safety surveillance. For instance, Sentinel has been suc-
cessfully used to assess the bleeding rates of dabigatran and warfarin 
[20]. In early 2011, the FDA identified an unusually large number 
of FAERS reports of clinically significant bleeding with dabigatran 
compared to warfarin, shortly after dabigatran was approved. 
Although the rates of bleeding were similar among dabigatran and 
warfarin users in the Randomized Evaluation of Long Term 
Anticoagulation Therapy (RE-LY) trial, there was concern that the 
risk of bleeding could be significantly higher in dabigatran users if 
the drug was being used in settings that were not represented in 
the clinical development program. Ultimately, Sentinel was used to 
provide context to the spontaneous reporting seen with dabiga-
tran, and FDA concluded that bleeding rates associated with dabi-
gatran did not appear to be higher than those with warfarin.

The use of Sentinel to study different outcomes, including 
DILI, is still being explored. One group has investigated the valid-
ity of diagnostic codes and laboratory tests to identify severe cases 
of liver injury [21, 22]. Thus far, Sentinel has not been a reliable 
tool for detecting severe liver injury as an outcome using adminis-
trative billing codes. The positive predictive value for identifying 
cases of acute liver injury has been generally low at 5–15%. Studies 
of acute liver injury in Sentinel will likely need medical chart review 
to confirm the outcome. Sentinel is a new tool and the FDA is still 
exploring how to better integrate it into regulatory decision- 
making for DILI.

In addition to data sources cited above and as needed, CDER/
FDA will consult other data sources to assess liver injury attributed 
to a drug. One drug that is regarded as a leading cause of liver 
injury is acetaminophen. FDA researchers have evaluated US rates 

2.5 Sentinel
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of acetaminophen related adverse events, including hepatotoxicity, 
using a variety of data sources such as the National Inpatient 
Sample (NIS), National Electronic Injury Surveillance System- 
Cooperative Adverse Drug Event Surveillance (NEISS-CADES), 
and data from the American Association of Poison Control Centers 
(AAPCC) [23]. Additionally, a British-based primary care database 
such as the Clinical Practice Research Datalink (CPRD) has been 
used to assess acute liver injury in the post-market setting for keto-
conazole and antibiotics [17, 24]. Occasionally, DPV will also 
search the Uppsala Monitoring Center’s VigiBase® for additional 
evidence of a drug-induced event. VigiBase®, like FAERS, is 
another spontaneous reporting system that contains reports from 
over 110 countries [25]. CDER also frequently meets with drug 
regulators from other countries to share information related to 
new safety signals, including liver injury for drugs. This open com-
munication is an important tool to corroborate signals that one or 
more groups may find during postmarketing surveillance of the 
new drug.

3 Telithromycin and DILI—A Postmarketing Case Study

Telithromycin, a semisynthetic erythromycin derivative, was the 
first of a new class of antimicrobials called ketolides that were intro-
duced to the US market in 2004 [26]. Similar to the macrolide 
antibiotics, telithromycin prevents bacterial growth by interfering 
with bacterial protein synthesis. The French pharmaceutical com-
pany Hoechst Marion Roussel (now Sanofi) began clinical trials of 
telithromycin for the treatment of common upper respiratory 
infections in 1998 [26]. Telithromycin was approved by the 
European Commission in July 2001 and was subsequently mar-
keted in Europe in October 2001 [27]. The original NDA for 
telithromycin was submitted to FDA/CDER in February 2000 
with clinical trial experience for acute bacterial sinusitis (ABS), 
acute exacerbation of chronic bronchitis (AECB), and commu-
nity–acquired pneumonia (CAP).

The initial CDER review of telithromycin identified multiple 
issues of concern including, cardiac, hepatic, visual, and vascular 
safety [28]. With specific interest in hepatic events, some differen-
tial hepatotoxicity was identified in animals. In addition, two 
patients in a Phase 3 CAP trial experienced hepatitis versus no 
(zero) patients randomized to active control. CAP patients treated 
with telithromycin also experienced more ALT and aspartate 
 aminotransferase (AST) elevations than control patients. No dif-
ferential in transaminase elevations was observed in patients treated 
for AECB or ABS. Like many new agents, telithromycin was dis-
cussed at the public FDA Advisory Committee meetings. These 
meetings permit outside experts to offer opinions to the FDA on 
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regulatory actions, such as new drug approvals. Telithromycin was 
first presented before the Anti-Infective Drug Advisory Committee 
in April 2001. This committee generally concurred with CDER’s 
assessment that significant safety concerns precluded US approval 
[29]. To address these concerns, the sponsor conducted a large 
safety study (termed “Study 3014”). This study, started in 2001, 
was a randomized, open-label, comparative study designed to 
characterize the safety and effectiveness of telithromycin vs. 
amoxicillin- clavulanic acid when used for the treatment of 
community- acquired respiratory tract infections in a large popula-
tion of subjects. Adverse events of special interest (hepatic, cardiac, 
vascular, and visual) were to be adjudicated by a blinded indepen-
dent panel of external experts. When completed, Study 3014 
included 24,140 subjects, including 12,161 subjects in the telithro-
mycin arm. Although Study 3014 reported no difference in hepatic 
events between telithromycin and amoxicillin-clavulanic acid, the 
study suffered many integrity problems which did not allow for a 
meaningful assessment of the hepatic safety concerns for which the 
study was designed [30]. However, the full extent of the problems 
were not presented to the second Advisory Committee (January 
2003) [30]. Without a liver signal from Study 3014 and with a 
supporting analysis based on spontaneous adverse event reporting 
from Europe, the Advisory Committee voted for approval. 
Telithromycin (as Ketek) was approved by the FDA in April 2004 
and entered the US market in fall of 2004. Ketek was approved for 
the oral treatment of ABS, AECB, and CAP.

Following marketing of Ketek in the USA, the FDA/CDER—
including both premarketing and postmarketing (pharmacovigi-
lance) groups—began to monitor spontaneous adverse event 
reports. Such reports are required for submission by a drug spon-
sor but also include reports sent in directly to FDA by the public 
via the FDA MedWatch system for inclusion in the FAERS data-
base. Given lingering concern for liver injury, reports of hepatitis 
or liver injury were considered a focus for ongoing review. The first 
analysis of such reports (completed in June 2005 and thus restricted 
to the first 6 months of marketing) identified cases of liver injury 
generally consistent with the approved label. This included cases of 
isolated ALT/AST elevation and cholestatic jaundice that resolved 
with discontinuation of Ketek. Importantly, there was one case 
consistent with Hy’s law [31]. This case described fulminant 
hepatic failure with an outcome of death and with limited alterna-
tive possible etiologies. This case, which would be identified later 
as “Case 3” in the sentinel publication [32], was not—in itself—
enough for the FDA review team to advance a “signal” for risk of 
hepatocellular injury with telithromycin as there is a background 
rate of acute liver failure in the population at large. However, when 
“Case 3” was published alongside two additional cases in January 
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2006, the Agency published a public health advisory for serious 
liver toxicity in association with telithromycin [32, 33]. These 
cases and an analysis of all available data led to the addition of a 
Warning for serious liver toxicity to approved labeling for telithro-
mycin in June 2006 [34].

In time, additional cases of acute liver failure in association 
with telithromycin were submitted to the Agency (Fig. 2) and this 
prompted an additional review by the pharmacovigilance group at 
CDER [35]. While this second review was ongoing, the Agency 
prepared to discuss the risk of liver injury caused by telithromycin 
at a third public FDA Advisory Committee. This FDA Advisory 
Committee meeting took place on December 14 and 15, 2006 and 
included the review of a total of 12 cases of acute liver failure asso-
ciated with telithromycin through April 2006. [The existence of a 
13th case received after April 2006 was also mentioned.] The 
review of cases was supported by the participation of outside expert 
hepatologists (as Special Government Employees) to aid in the 
case adjudication process [36]. The case series was remarkable for 
the short time-to-onset (median 4 days) and severity of outcome 
(4 deaths, 1 transplant). At baseline, before exposure to telithro-
mycin, the cases appeared healthy and reported few confounding 
drugs or conditions. The most common condition for which 
telithromycin was used was sinusitis (n = 5).

In order to put these cases in context of utilization, and in 
context of similar agents, a reporting rate analysis was conducted 
to compare reporting rates of acute liver failure with telithromycin 
during early marketing to similar rates for fluoroquinolones. The 
fluoroquinolones all carried a Warning for hepatotoxicity in the 
approved labeling [37]. Importantly, there are numerous limita-
tions of such analyses and the results should be interpreted with 
caution [38]. On the surface, however, it should be of interest to 
question how, for example, two antimicrobials could have report-
ing rates that differ by tenfold (for example) unless the risk for the 
event was different between them. As presented at the Advisory 
Committee meeting, the reporting rate analysis showed a report-
ing rate for telithromycin some fourfold higher than for recently 
approved fluoroquinolones [35]. This was deemed not robust 
enough to suggest that the risk of serious drug-induced liver injury 
was higher for telithromycin than comparator agents that carried a 
hepatotoxicity Warning. Following the Advisory Committee meet-
ing, which included numerous other data streams than spontane-
ous reports for assessment of liver toxicity and other safety issues, 
the FDA and the drug sponsor agreed to additional labeling 
changes for Ketek including removal of certain indications (ABS 
and AECB). As of December 2016, telithromycin was not mar-
keted in the USA.

DILI—Postmarketing Surveillance
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4 Conclusion

Drug-induced liver injury continues to be a significant concern for 
marketed drugs and other consumable products, such as dietary 
supplements and nutraceuticals. Because events such as DILI are 
rare, surveillance systems and methods such as those described in 
this chapter are important components of the safety net, which is 
designed to recognize liver injury that may have gone undetected 
in a clinical development program for a drug. FDA predominantly 
relies on clinical assessment of spontaneous reports submitted to 
FAERS and published case reports to assess DILI in the postmar-
keting setting.
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Chapter 23

Host Risk Modifiers in Idiosyncratic Drug-Induced Liver 
Injury (DILI) and Its Interplay with Drug Properties

Camilla Stephens, M. Isabel Lucena, and Raúl J. Andrade

Abstract

Idiosyncratic drug-induced liver injury (DILI) occurs in a small proportion of individuals exposed to a 
drug and is unpredictable based on the drug’s pharmacological action and ingested dose. Due to the mul-
tifactorial pathology of this condition various factors associated with both the drug and the patient can 
affect DILI susceptibility and clinical presentation. A major challenge in the area of DILI is therefore to 
determine these risk factors and their interactions in order to predict individuals at risk of developing 
DILI. This would enable patients without significant DILI risk to securely benefit from an effective treat-
ment (including medications with black box warnings for hepatotoxicity), while ensuring patient safety to 
those at increased risk by providing an alternative medication. Host-related DILI modifiers proposed to 
date include age, sex, genetic variations, associated conditions, concomitant medications and lifestyle. In 
addition, physicochemical and toxicological drug properties such as dose, lipophilicity, reactive metabolite 
formation, mitochondrial liability, and transporter inhibition are likewise assumed to have a potential 
modulating effect on DILI. Individually none of these host and drug-related features are likely to be suf-
ficient to induce liver injury, but when combined could lead to DILI development. Hence, considering 
interactions between DILI host and drug factors could be more useful in predicting individuals at increased 
risk of developing DILI. In this chapter we provide an overview of the current understanding of risk fac-
tors for idiosyncratic DILI.

Key words Genetic variations, Age and gender, Lifestyle, Comorbidities and concomitant medica-
tions, Physicochemical drug properties

1 Introduction

Idiosyncratic drug-induced liver injury (DILI) occurs in a small 
proportion of individuals exposed to a drug and is unpredictable 
based on the drug’s pharmacological action and ingested dose. 
Despite advances in the mechanistic understanding of dose- 
dependent (intrinsic) acetaminophen hepatotoxicity, the cellular 
processes behind idiosyncratic DILI are not yet fully understood. 
Nevertheless it is generally believed that DILI is a multifactorial 
process that involves cellular stress and immune responses [1–3]. 
The development of DILI is subsequently affected by various 
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 factors associated with both the drug and the patient (Fig. 1). This 
combination of drug and host factors required to induce idiosyn-
cratic DILI is a main reason for the lack of fully functional animal 
models for idiosyncratic DILI, while well-established murine mod-
els currently exist for acetaminophen hepatotoxicity.

A major challenge in the area of DILI is therefore to determine 
these risk factors and their interactions in order to predict individu-
als at risk of developing idiosyncratic DILI. This would enable 
patients without significant DILI risk to securely benefit from an 
effective treatment (including medications with black box warn-
ings for hepatotoxicity), while ensuring patient safety to those at 
increased risk by providing an alternative medication. In this chap-
ter we present an overview of the current understanding of physi-
cochemical and toxicological drug properties and host factors as 
potential DILI susceptibility and phenotype modifiers.

2 Host Factors

Many drugs have the capacity to induce cellular stress, however the 
outcome is dependent on the patient’s cellular ability to counteract 
this feature and consequently control potential cell damage. Specific 
host factors may also potentiate drug properties that on their own 
are not sufficient to produce liver injury. Hence, host factors can 
contribute to individual susceptibility and clinical phenotypes by 
influencing drug metabolism, toxicological responses, immune 
responses and tissue repair processes [4] (Table 1). The difficulty to 
reproduce multiple host factor contributions in animal models can 
explain why idiosyncratic hepatotoxicity is seldom detected in ani-
mal models, which often involve young healthy animals.

Fig. 1 Idiosyncratic drug-induced liver injury risk factors. Idiosyncratic DILI is assumed to be a multifactorial 
process and the consequence of simultaneous occurrence of several interacting elements, constituted by drug 
properties and host factors. These interactions can affect cellular processes such as drug metabolism, toxico-
logical responses, immune responses, and tissue repair
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Aging is well known to produce pharmacokinetic changes, although 
this has not been demonstrated to increase the risk of DILI. In fact, 
data from large prospective DILI registries do not support old age as a 
general risk factor, with 46% of Spanish DILI patients being ≥60 years 
and 16.6% of North American DILI patients being ≥65 years [5, 6]. 

2.1 Age and Sex

Table 1 
Potential risk modifiers of idiosyncratic drug-induced liver injury and their effects

Risk modifiers Effects

Host factors

Age Pharmacokinetic variations (e.g., ↑ age → ↓ drug clearance, ↓ liver 
mass, ↓ hepatic blood flow, ↓ protein synthesis

Sex Hormone-related pharmacokinetic and pharmacodynamic variations

Comorbidities ↑ oxidative stress level
Heightened inflammatory state

Concomitant medications Variations in drug metabolism of the causative drug due to induction, 
inhibition or competition

Positive or negative effect on tissue repair → variations in clinical 
outcome

Genetic variations Variations in gene expression leading to suboptimal drug metabolism, 
detoxification and immune responses

Alcohol and tobacco Potential variations in drug metabolism, such as induction of 
CYP2E1 → ↑ ROS formation

Diet Malnutrition: ↓ drug and xenobiotic clearance
Obesity: ↑ CYP2E1 → ↑ ROS formation

Microbiota Variations in drug metabolism
Bacterial translocation to the liver

Drug properties

Dose Overcome threshold for cellular damage
Tissue repair response regulation

Lipophilicity ↑ lipophilicity → ↑ off-target binding
↑ lipophilicity → extensive metabolism

Reactive metabolite formation ROS formation → oxidative stress → initiation of signaling pathways
Binding to cellular macromolecules → ↓ function
Haptenization → immune response

Mitochondrial liability ↓ ATP formation
↑ ROS formation
↑ mtDNA mutations

Hepatic transporter inhibition BSEP inhibition → ↑ hepatocyte bile salt accumulation
↓ drug elimination

Abbreviations: ↑ increased, ↓ decreased, CYP2E1 cytochrome P450 2E1, ROS reactive oxygen species, ATP adenosine 
triphosphate, mtDNA mitochondrial DNA, BSEP bile salt export pump

DILI Risk Factors
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Older age has, however, been associated with increased risk of DILI 
with persistent/chronic liver profile abnormalities [7, 8]. This could 
potentially result from a decline in tissue repair function occurring with 
age. While not a general susceptibility risk factor, age appears to be 
important for hepatotoxicity induced by specific medications. Valproic 
acid, for example, is more likely to produce DILI in young children, 
with children under the age of two being particularly prone to severe 
forms of valproic acid hepatotoxicity [9]. It has been suggested that 
this age-related risk is due to differences in drug metabolism and 
reduced plasma protein binding [10]. In contrast, the risk of DILI due 
to isoniazid appears to increase with age, with speculation of altered 
pharmacokinetics and/or cumulative mitochondrial functional impair-
ment being responsible for this occurrence [11, 12].

In addition, age appears to affect the clinical presentation of 
DILI. A study of 603 Spanish DILI cases found that older DILI 
patients are more prone to develop cholestatic liver injury, particu-
larly males, while younger patients, particularly females, more fre-
quently present with hepatocellular damage [5]. Age differences in 
reporting frequency of liver events in the WHO Safety Report 
Database, VigiBase, support these findings, with the highest inci-
dence of hepatocellular injury found in younger patients and cho-
lestatic injury in elderly (≥65 years) patients [13]. Interestingly, 
this relationship contradicts old age as a risk factor for isoniazid as 
it predominantly produces a hepatocellular pattern. This highlights 
the intricate interplay between DILI risk factors, in which the 
effect of a single risk factor may vary depending on the presence or 
absence of additional modulating factors.

Differences in incidence rates between males and females are 
known for various hepatic conditions. For example, women are more 
prone to develop primary biliary cirrhosis and autoimmune hepatitis, 
while men predominate among patients with sclerosing cholangitis 
and hepatocellular carcinoma [14]. Patient sex as a predisposing risk 
factor in DILI is less clear-cut. Results from large DILI cohorts dem-
onstrate a relatively equal distribution, with 49%, 59%, and 56% 
female DILI patients in Spain, the USA, and Iceland, respectively [5, 
6, 15]. Nevertheless, increased female  susceptibility for specific drugs 
has been noted, such as minocycline and nitrofurantoin [6, 16]. 
These medications, however, often produce hepatotoxicity with 
autoimmune features, which may be why women appear to be more 
susceptible to these forms of DILI. While the role of patient sex in 
DILI susceptibility is disputable, strong evidence has been presented 
from several studies that female DILI patients are significantly more 
likely to progress to acute liver failure [17, 18].

Controversy exists as to whether preexisting conditions, particularly 
liver diseases, is a hepatotoxicity susceptibility factor. A comparison of 
American DILI patients with and without known preexisting liver dis-
eases suggests that the former group has a higher risk of mortality, 

2.2 Comorbidities 
and Concomitant 
Medications
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although the rate of liver-related mortality did not differ significantly 
between the two groups [6]. Nevertheless, HIV patients on antiretro-
viral therapy containing protease inhibitors have been demonstrated 
to be more susceptible to DILI when having viral hepatitis B and C 
coinfections [19]. Similar results have been reported for DILI induced 
by nonnucleoside reverse transcriptase inhibitors and antituberculosis 
treatments [20, 21]. In terms of nonhepatic conditions, the effect of 
diabetes mellitus on DILI susceptibility is unknown. However, a study 
of 300 North American DILI cases found that having diabetes melli-
tus more than doubled the risk of developing severe DILI [22]. As 
comorbidities often entail additional drug treatments it can be diffi-
cult to determine if any apparent increase in DILI risk is due to the 
underlying condition or to concomitant treatments. Concomitant 
drugs should not be overlooked as many drugs have the capacity to 
modulate the metabolism of additional drugs through induction, 
inhibition or competition for CYP450 reactions and hepatic trans-
porter systems and consequently affect the hepatotoxicity potential of 
other drugs. Concomitant drugs have also been reported to affect 
hepatotoxicity risk and clinical outcome based on retrospective data-
base analyses of liver event reporting frequency of acetaminophen, 
isoniazid, valproic acid and amoxicillin-clavulanate in the presence of 
coreported medications [23, 24].

Genetic variations are assumed to play a major role in the idiosyn-
cratic nature of DILI and various studies have explored this area. 
Genetic DILI studies have to a large extent focused on genes involved 
in drug metabolism, as polymorphisms in such genes can potentially 
generate increased drug plasma concentrations and/or decreased 
clearance rates in patients treated with standard medication doses. In 
fact, drug metabolizing gene polymorphisms are estimated to influ-
ence the clinical outcome in 20–25% of all drug therapies [25]. 
Associations between increased risk of DILI development and vari-
ous specific genotypes have been detected [26]. For example, 
N-acetyltransferase 2 slow acetylator genotype carriers appear more 
susceptible to isoniazid-related liver injury [27, 28], while the gluta-
thione S-transferase M1 and T1 double null genotype appears to 
increase DILI susceptibility nonspecifically to a large variety of caus-
ative agents [29]. All individual risk genotypes identified to date coin-
cide in having modest effect sizes. The effect of a specific genetic 
variation is, however, dependent on the genomic setting of each indi-
vidual and discrete genotypes with seemingly low impacts may col-
lectively play a substantial role in disease development in conjunction 
with supplementary drug properties. In addition, variations in differ-
ent genes in the same or related pathways may lead to the same cel-
lular phenotype and consequently promote the same disorder, which 
complicates the identification of genetic risk factors. Genetic hetero-
geneity is common in complex diseases [30], and this is unlikely to 
differ in idiosyncratic DILI.

2.3 Genetic 
Variations
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Surprisingly, few of the earlier results in drug metabolizing genes 
have been reproduced in later genome-wide association (GWA) studies 
using single nucleotide polymorphism (SNP) array technology. Most 
DILI GWA studies have in fact detected specific human leukocyte anti-
gen (HLA) alleles as potential DILI risk factors [31–34]. Considering 
the strong linkage disequilibrium that exists in the HLA region on 
chromosome 6, it is possible that other alleles rather than HLA alleles 
are the true risk factors. Nevertheless, a large proportion of the genes 
situated in the HLA region are involved in the immune system, which 
reinforces the assumed importance of immune responses in DILI 
development. Most identified HLA risk alleles have low predictive 
value but relatively high negative predictive value, and subsequently are 
of limited use for genetic screening prior to drug prescription in order 
to prevent liver injury. However, they could aid clinical diagnosis by 
enabling DILI due to a specific agent to be ruled out in the absence of 
the corresponding HLA allele(s) and to identify the correct causative 
agent in DILI cases where the patient has taken multiple drugs with 
hepatotoxicity potential prior to DILI onset, providing the suspected 
drug has been previously linked to a given allele in terms of hepatotox-
icity risk [35]. As the presence of specific alleles tend to vary depending 
on ethnicity and geographic regions it is important to keep in mind 
that identified risk alleles or genotypes may not be applicable to all 
populations. For example, Spanish carriers of the HLA class I allele 
B*18:01 have been found to have increased risk of developing hepato-
toxicity due to amoxicillin- clavulanate, particularly hepatocellular type 
of liver injury, while no such association was detected for patients with 
Northwestern European heritage [36, 37].

It is feasible to assume that exposure to conditions that have a biologi-
cal effect on the body may alter the risk of DILI development and 
presentation. Hence, variations in patient lifestyle should also be con-
sidered as potential DILI moderators, although limited evidence is 
currently available to confirm this theory. Alcohol abuse is frequently 
considered to be a DILI risk factor in the literature. In fact, alcohol 
consumption is included as a risk factor in the Council for International 
Organizations of Medical Sciences (CIOMS) causality assessment 
scale and gives an extra point when the scale is applied to a case with 
known alcohol history [38]. Alcohol induces CYP2E1 activity, which 
can lead to changes in drug metabolism. This is of particular interest 
for acetaminophen hepatotoxicity as CYP2E1 catalyzes the formation 
of the reactive metabolite N-acetyl-p-benzoquinone imine (NAPQI), 
which if present at high concentrations rapidly depletes cytosolic and 
mitochondrial glutathione stores. In terms of idiosyncratic hepatotox-
icity, studies supporting alcohol as a risk factor are limited to isoniazid, 
methotrexate, halothane and vitamin A as causative agents [39]. 
Nevertheless, the recovery of idiosyncratic DILI induced by any caus-
ative agent in patients with an underlying alcohol-induced liver condi-
tion may be hampered by the latter condition. Cigarette smoking is 
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also believed to induce CYP2E1 activity [40]. In addition, it has been 
shown to be an independent risk factor for severe hepatotoxicity, acute 
liver failure and death following acetaminophen overdose, although 
its effect on idiosyncratic DILI is currently unknown [41].

Diet affects the development of many diseases, including liver con-
ditions. High caloric diets and obesity are now generally assumed to be 
associated with increased risk of nonalcoholic fatty liver disease 
(NAFLD). However, the effect on DILI is less studied. Data from 
large national DILI registries do not support that DILI patients have a 
higher body mass index than the general population [5, 6]. Nevertheless, 
high fat diets have been shown to increase CYP2E1 expression in 
murine models, which can lead to increased reactive oxygen species 
(ROS) formation [42]. On the one hand, it is tempting to hypothesize 
that in conjunction with drug-induced hepatocyte stress this could 
favor hepatotoxicity development. On the other hand, it has been sug-
gested that CYP2E1-derived ROS may induce activation of antioxi-
dant genes and subsequently be protective in eliminating harmful 
substances [43]. It is important to note that deficiency or excess of 
most dietary nutrients can impair the balance between antioxidant and 
pro-oxidant agents and subsequently lead to complications [44]. 
Hence, nutritional components apart from dietary fat intake could 
potentially be involved in regulating DILI susceptibility. Furthermore, 
malnutrition can result in decreased xenobiotic clearance, and could 
subsequently influence toxicity as seen with acetaminophen [45]. 
Malnutrition or weight loss (potentially resulting from inadequate 
food intake due to persistent gastrointestinal symptoms brought on by 
the treatment) has also been indicated to increase the risk of hepatotox-
icity induced by antituberculosis treatments [46, 47].

Dietary intake not only affects body weight but can also have a 
profound impact on the gut flora with changes in the intestinal micro-
biota composition [48, 49]. Recent findings suggest that gut dysbiosis 
plays a role in various liver conditions, such as NAFLD, primary scle-
rosing cholangitis and primary biliary cirrhosis [50, 51]. The role of 
the intestinal microbiota in idiosyncratic DILI is currently unknown, 
but it has been suggested that it could be a potential risk factor influ-
encing DILI susceptibility and outcome [52]. Gut dysbiosis can dis-
rupt the integrity of the intestinal barrier allowing leakage of bacterial 
components, which can travel to the liver via the portal vein. Such 
bacterial translocation could produce a heightened inflammatory 
environment in the liver through Toll-like receptor stimulation, and 
potentially lead to alterations in immune tolerance. It has been 
hypothesized that the ability of antibiotics to cause temporal alteration 
in the microbiota and  consequent changes in bacterial exposure, could 
sensitize the liver to drug-induced injury, and be a reason for antibiot-
ics being a leading cause of hepatotoxicity [3]. Furthermore, evidence 
that microbiota variations can modulate drug metabolism are also 
available [53, 54]. In fact, hepatic mRNA levels of more than 50 
drug- processing genes have been found to vary between conventional 
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and germ-free mice [55]. Drugs such as salicylazosulfapyridine, 
digoxin and acetaminophen have all been demonstrated to undergo 
some form of microbiota-mediated metabolic processes [56–58]. 
Hence, variations in gut microbiota composition could potentially 
affect a drugs hepatotoxicity potential and merits further investiga-
tions with respect to idiosyncratic DILI.

3 Drug Properties

The hepatotoxicity potential varies between drugs, with some com-
pounds being more prone to induce DILI than others. Such differ-
ences occur even within the same therapeutic class. For example the 
fluoroquinolone trovafloxacin has been withdrawn from the market 
due to hepatotoxicity, while levofloxacin, similarly a fluoroquinolone, 
is associated with a minor risk of idiosyncratic DILI. Hence, while 
defining the pharmacological effect and potency, physicochemical 
drug properties also play an important role in initiating DILI devel-
opment, which is either augmented or diminished by host factors 
(Table 1). Extensive studies have been undertaken to enhance the 
understanding of drug physicochemical properties with regard to 
balancing enhanced drug qualities and reduced likelihood of toxicity, 
an ongoing challenge in the pharmaceutical industry [59, 60].

Idiosyncratic DILI was initially believed to be a dose-independent 
reaction due to the occurrence after drug treatments at recom-
mended daily doses. However, it is now assumed that dose in fact 
does play a role, as drugs given at a daily dose of 10 mg or less are 
rarely, if ever, associated with a high incidence of idiosyncratic 
DILI [61]. It has been suggested that in DILI due to nonoverdose 
treatments the dose–response curve is shifted to the left causing a 
hepatotoxic response at a therapeutic dose due to host-related cir-
cumstances [62]. Hence, some kind of threshold dose needs to be 
exceeded even for idiosyncratic DILI to occur, but this threshold 
may vary among individuals [1]. This is exemplified in DILI cases 
were a patient tolerate a drug at an initial lower concentration but 
develops DILI when a dose increase (still within the recommended 
daily dose range) is required for better pharmacological effect [63]. 
Furthermore, a study comparing 377 idiosyncratic DILI cases 
induced by drugs classified by dosage found that drugs with a daily 
dose of ≥50 mg were associated with a significantly shorter latency 
period than drugs with a lower daily dose [64].

Lipophilicity (often measured as the log of octanol–water partition 
coefficient, logP) is known to influence drug potency, pharmacoki-
netics and toxicity [65, 66]. The effect of lipophilicity on toxicity has 
been demonstrated using data from animal in vivo toleration studies 
of 245 preclinical compounds, in which more lipophilic compounds 
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were associated with increased likelihood of toxic events potentially 
due to increased off-target binding [67]. High lipophilicity in con-
junction with high daily dose has been associated with risk of idio-
syncratic DILI development. In an analysis of 164 approved 
medications in the USA, Chen et al. observed that drugs with a 
recommended daily dose ≥100 mg and a logP value ≥3 had a higher 
risk of inducing hepatotoxicity. This relationship was defined as the 
“rule-of-two” [68]. It has been speculated that higher lipophilicity 
could facilitate drug uptake into hepatocytes and subsequent hepatic 
metabolism that may result in increased amount of reactive metabo-
lites and thereby a potentially higher risk of DILI [4]. The potential 
use of the rule-of-two in supporting research and drug development 
as a predictive tool for hepatotoxicity has recently been demon-
strated on direct-acting antiviral medications for chronic viral hepa-
titis C [69]. An independent study analyzing 975 oral drugs did, 
however, not confirm the rule- of- two, but found defined daily dose 
≥100 mg and extensive liver metabolism (≥50%), but not lipophilic-
ity, to be independent, but not synergistic, risk factors for increased 
hepatotoxicity potential [70]. An attempt to improve the rule-of-
two was recently published in the form of a DILI score algorithm 
that takes into consideration daily dose, logP and formation of reac-
tive metabolites of the drug in question. In contrast to the rule-of-
two, the DILI score algorithm provides a numerical value that gives 
a better indication of potential DILI severity risk [71].

Unbalanced concentrations of reactive drug metabolites can bind 
to cellular macromolecules and produce cellular stress, an event 
widely accepted to play a major role in DILI development. The 
type of reactive metabolites formed by individual drugs is mostly 
dependent on the drug’s chemical structure. Certain structural 
motifs (referred to as structural alerts) known to be intrinsically 
electrophilic or have a propensity to form reactive metabolites are 
therefore avoided in drug design in order to reduce the risk of 
toxicity [60, 72–74]. However, not all drugs containing structural 
alerts produce reactive metabolites or have increased  hepatotoxicity 
potential. For example, sudoxicam and meloxicam both contain 
the 2-aminothiazole structural alert, but reactive acylthiorurea is 
only formed from sudoxicam, and may be responsible for the dif-
ference in hepatotoxicity potential between the two drugs [75]. 
The clinical development of sudoxicam was discontinued due to 
incidences of severe hepatotoxicity, while meloxicam is associated 
with low hepatotoxicity potential. It is important to note that 
while being a prominent risk factor, reactive metabolite formation 
is not a prerequisite for idiosyncratic DILI development. For 
example, pemoline (withdrawn from the market due to hepato-
toxicity), ambrisentan and flecainide (both with black box warn-
ings for hepatotoxicity) do not appear to produce reactive 
metabolites [74].

3.3 Reactive 
Metabolite Formation
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Many drugs known to induce idiosyncratic DILI are hazardous to 
mitochondria in vitro [76, 77]. Although, drug concentrations in 
experimental studies often exceed those attained in patients, the abil-
ity to cause mitochondrial liability is considered a potential DILI risk. 
Perturbation of mitochondrial functions can occur through various 
mechanisms altering different pathways and mitochondrial compo-
nents. For example, drugs can directly affect energy homeostasis by 
impairing mitochondrial fatty acid oxidation (amiodarone, valproic 
acid, glucocorticoids), interfere with electron transfer in the mito-
chondrial respiratory chain (paroxetine, simvastatin, tamoxifen, efavi-
renz), the oxidative phosphorylation process (tamoxifen) or interfere 
with mitochondrial DNA (mtDNA) (tacrine, tamoxifen, ciprofloxa-
cin) [78]. It can be difficult to pinpoint the primary effect of a drug 
on the mitochondria as the effect of one mechanism often lead to 
secondary effects. Electron transfer impairment in the respiratory 
chain will indirectly have a negative effect on fatty acid oxidation as 
well as lead to increased ROS production that may cause mtDNA 
damage. Similarly, drugs directly interfering with mtDNA replication 
or gene expression can impair the electron transfer process by inhibit-
ing or reducing the production of protein complexes constituting the 
respiratory chain, of which a large proportion are encoded by 
mtDNA. Accumulated mitochondrial damage can induce signaling 
transduction pathways and potentially cell death [1].

Cellular stress can also be a consequence of drugs interfering 
with hepatic transporters. The bile salt export pump (BSEP) is located 
in the hepatocyte canalicular membrane and is responsible for trans-
porting bile salts into the bile. Information on BESP- mediated trans-
port of pravastatin has also emerged, challenging, the belief of BSEP 
being a bile salt-specific transporter [79]. BSEP inhibition can lead to 
impaired bile flow and cholestasis, as seen in patients with ABCB11 
mutations and familial intrahepatic cholestasis [80]. Drugs are known 
to inhibit BSEP activity and  hepatocyte accumulation of toxic bile 
salts producing cellular stress could subsequently be a contributing 
factor to hepatotoxicity. In fact, drug-induced BSEP inhibition has 
been linked to hepatotoxicity with studies demonstrating correla-
tions between a drug’s ability to inhibit BSEP in vitro and its known 
hepatotoxicity potential [81, 82]. Furthermore, BSEP inhibition has 
been reported to be associated with physicochemical drug properties, 
such that drugs with higher molecular weight and higher calculated 
logP value are positively correlated with BSEP inhibition potency 
[82, 83]. Nevertheless, bile acid homeostasis is an intricately regu-
lated process and a temporary reduction in BSEP activity could 
potentially be compensated for by increased activity of other trans-
porters to limit intracellular bile salts accumulation. Multidrug 
resistance- associated protein 3 (MRP3) and 4 (MRP4), for exam-
ple, play important compensatory roles during cholestasis [84]. 
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Considering BSEP inhibition in conjunction with MRP transporter 
activities has therefore been suggested to provide a better estimation 
of idiosyncratic DILI risk [85].

4 Host Factor-Drug Property Interactions as DILI Modulators

Individual DILI susceptibility is affected by risk factors derived 
from both the host and the drug. Hence, individual risk factors are 
generally poor predictors of hepatotoxicity as their effect is depen-
dent on the presence or absence of additional DILI modulators. 
The presence of the “correct” combination of risk factors is what 
will determine if a patient will or will not develop DILI and may 
explain clinical observations. DILI risk factors should therefore be 
considered collectively based on their interactions in order to be 
most informative [4]. Here we will discuss interactions between 
host factors and drug properties in different processes potentially 
involved in DILI development (Table 2).

Drugs that undergo extensive hepatic metabolism are more prone to 
form reactive metabolites, which can bind covalently to proteins 
resulting in functional changes and cellular stress. The cell is, how-
ever, equipped with defense mechanisms to combat such threats, 
and any direct link between drugs forming reactive metabolites, as a 
natural consequence of drug metabolism, and idiosyncratic hepato-
toxicity development is circumstantial at best. For cell damage to 
occur the cell’s defense mechanism must be overcome. Genetic vari-
ations leading to increased reactive metabolite formation or reduced 
detoxification processes could push the scale in favor of cellular 
injury. Diclofenac is bioactivated via glucuronidation by UGT2B7 
and via oxidative metabolism by cytochrome P450 (including 
CYP2C8) that result in diclofenac acyl glucuronide and benzoqui-
none imines that can cause covalent modification of cellular pro-
teins. Carriers of specific UGT2B7 and CYP2C8 genotypes, which 
could increase the production of reactive metabolites, have been 
found to be more susceptible to DILI induced by diclofenac [86]. 
Furthermore, interindividual differences in glutathione S-transferase 
activities have been demonstrated in vitro to affect inactivation of 
reactive para-benzoquinone imine metabolites of diclofenac, and 
could likewise modulate susceptibility risk [87]. Concomitant medi-
cations could similarly increase cellular stress formation by modulat-
ing the metabolism of the causative agent or compete with the 
causative agent for a specific enzyme and consequently alter the drug 
proportion metabolized by otherwise minor pathways. Polypharmacy 
with valproic acid in conjunction with CYP 450-enzyme inducing 
anticonvulsant drugs, such as carbamazepine or phenytoin, increases 
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Table 2 
Overview of selected idiosyncratic drug-induced liver injury causative agents, their drug properties 
and potentially associated host factors

Drug Drug properties Host risk factors

Amoxicillin- 
clavulanate

Amoxicillin: LogP: 0.87
HM: <30%, RM → haptenization
RDD >100 mg
Clavulanic acid: LogP: −1.5
HM: yes
RM: unknown
RDD >100 mg

HLA risk alleles: A*02:01, 
A*30:02 (Hep§), B*18:01 
(Hep§) and DRB1*15:01- 
DQB1*06:02 (Chol/Mix§)

Isoniazid LogP: −0.70
HM: yes , RM: yes
Mitochondrial liability
RDD: >100 mg

Older age
Alcohol consumption
Malnutrition
NAT2 slow acetylators
Viral hepatitis C infection

Diclofenac LogP: 4.51
HM: yes, RM: yes
Chemical structure with structural alert
RDD: >100 mg
Can cause lower gastrointestinal complications 

and increase permeability

Genetic variations in UGT2B7 and 
CYP2C8

Underlying chronic inflammatory 
conditions

Concomitant medications, such as 
gastroduodenal protective 
treatments can cause microbiota 
changes

Valproic acid LogP: 2.75
HM: yes, RM: yes
Metabolism involving beta oxidation
Mitochondrial hazardous
RDD: >100 mg

Age: young children are at higher 
risk of severe DILI

Genetic variations in polγ

Nitrofurantoin LogP: −0.47
HM: partially metabolized to aminofurantoin
RM: unknown
RDD: >100 mg

Female sex

Minocycline LogP: 0.05
HM: yes, RM: yes
RDD: ≥100 mg

HLA risk allele: B*35:02
Female sex

Atorvastatin LogP: 5.7
HM: yes, RM: yes
RDD: <100 mg

Older age; concomitant 
medications

Phenytoin LogP: 2.47
HM: yes, RM; unknown
RDD: >100 mg

Genetic variations leading to 
epoxide hydrolase deficiency

§HLA-A*30:02 and B*18:01 have been found to be risk factors for hepatocellular (Hep) type of DILI, while 
DRB1*15:01-DQB1*06:02 appears to be risk factors for cholestatic (Chol)/mixed (Mix) type of DILI, see ref. 36. 
Abbreviations: HM hepatic metabolism, RM reactive metabolite formation, RDD recommended daily dose, HLA 
human leukocyte antigen, NAT2 N-acetyltransferase 2, UGT2B7 UDP-glucuronosyltransferase 2B7, CYP2C8 
Cytochrome P450 2CB, polγ, polymerase gamma
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the metabolism of valproic acid to 4-ene valproic acid and (E)-2,4-
diene valproic acid [88]. Although not confirmed, many findings 
speak in favor of these metabolites or derivatives thereof as impli-
cated in valproic acid hepatotoxicity [10].

As the burden of reactive metabolites is related to the amount 
the cell is exposed to, a higher drug dose is more likely to lead to 
hepatotoxicity. It is tempting to hypothesize that although idio-
syncratic DILI occur during intake of recommended daily doses, in 
polymedicated patients the various medications  might have an 
accumulative effect with regard to reactive metabolite formation 
and detoxification leading to cellular stress, in particular in patients 
with a compromised cellular defense mechanism. Hence, the caus-
ative agent might be “the straw that breaks the camel’s back.”

Drug–host interactions involving genetic variations and drug 
properties have also been noted. For example, it has been sug-
gested that chemical drug structure and BSEP inhibition potency 
could influence the effect of the ABCB11 c.1331T>C risk allele 
[89]. Furthermore, the risk of developing cholestatic/mixed type 
of DILI was found to be greater in SOD2 CC (c.47T>C) carriers 
taking drugs known to produce highly reactive metabolites, such 
as quinone imines or epoxides [90].

It is unlikely that cellular stress induced by the parent drug or metab-
olites thereof, will be sufficient to induce idiosyncratic DILI. Hence, 
additional processes are likely to be involved, such as immune 
responses. This hypothesis is further strengthened by the identifica-
tion of HLA risk alleles (see Sect. 2.3). The liver has a strong natural 
predisposition toward immune tolerance as it is constantly exposed 
to foreign antigens. The occurrence of an adaptive immune response 
therefore needs an interruption of the liver’s general immune toler-
ance. This has been highlighted in recent animal studies targeting 
immunological checkpoints [91, 92]. Infectious diseases or con-
comitant illnesses in the host could favor an immune response. 
Pathogen-associated molecular pattern (PAMP) molecules, such as 
lipopolysaccharides (LPS) can prompt inflammatory stress and alter 
immune tolerance. Coexposure to LPS and medications such as tro-
vafloxacin, diclofenac, and chlorpromazine, but not the medications 
alone, has been found to induce idiosyncrasy-like liver injury in 
murine models [93–95]. Changes in the host microbiota can simi-
larly lead to hepatic LPS exposure due to increased gut permeability. 
Certain nonsteroidal antiinflammatry drugs (NSAIDs), such as 
diclofenac, can cause lower gastrointestinal complications, with 
inflammation and/or increased permeability recorded in up to 70% 
of long-term NSAID users [96]. Furthermore, protein pump inhibi-
tors are commonly taken in conjunction with NSAIDs as protection 
toward upper gastrointestinal tract adverse events. While being 
effective in preventing gastroduodenal damage, protein pump inhib-
itors can alter the microbiota composition, which could potentially 
lead to increased permeability [97].

4.2 Immune 
Responses and Tissue 
Repair
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It has been suggested that severe idiosyncratic DILI could 
be the result of defective clinical adaptation or failure to dampen 
the initiating mechanisms or injury due to diminished adaptive 
responses [3, 98]. Tissue repair is an important determinant in 
DILI outcome. Tissue repair as a response to drug-induced cell 
damage increases with drug dose until a threshold dose is 
reached, beyond which cellular signaling inhibition impairs the 
tissue repair process favoring accelerated tissue injury [99]. In 
addition to drug dose, animal models have demonstrated that 
age, nutritional status and comorbidities can affect the tissue 
repair process. Young age and caloric restrictions appear to affect 
tissue repair favorably, while the presence of diabetes mellitus 
has an adverse effect [100–102]. Furthermore, concomitant 
medications may influence idiosyncratic DILI development 
based on their effect on tissue repair. For example, several car-
diovascular system drug classes such as statins, angiotensin con-
verting enzyme inhibitors, adrenergic blockers and fibrates can 
reduce liver injury and/or enhance liver repair, [103–106]. This 
assumption was supported by findings in a retrospective database 
study in which reported acetaminophen-associated liver injury 
cases with concomitant use of statins and fibrates were less likely 
to have a fatal outcome [24]. The presence of dyslipidemia and 
subsequent  stain use has similarly been found to have a  protective 
effect against progression to acute liver failure in an analysis of 
771 Spanish DILI patients [17].

5 Conclusion and Future Direction

Idiosyncratic DILI is considered as a multifactorial condition deter-
mined by both drug properties and host factors. Hence, individual risk 
factors have limited capacity to predict DILI susceptibility and clinical 
phenotypes as patient outcome is determined by the interaction 
between individual risk modulators. In fact, none of the presented risk 
factors are likely to have detrimental effects on their own, but when 
combined could culminate in liver injury. Despite advances in the area, 
it is not yet possible to predict patient susceptibility, and further studies 
are needed to elucidate the intricate pathological mechanism behind 
idiosyncratic DILI. Computational systems biology offers a new direc-
tion for hepatotoxicity studies that could shed light on mechanistic 
aspects of this condition. Here in silico modeling based on physiologi-
cal understanding and in vitro experiments can be used to predict 
drug-induced effects on biological processes. This approach also pres-
ents the ability to examine the interaction of multiple drug properties 
and host factors in integrative system analyses [107, 108]. Promising 
results from hepatotoxicity-directed computational systems biology are 
emerging. For example, DILIsym, a quantitative systems pharmacol-
ogy platform for drug-induced liver injury, has unraveled mechanistic 

Camilla Stephens et al.

minjun.chen@fda.hhs.gov



491

aspects of DILI induced by troglitazone and tolvaptan [109, 110]. It 
has been suggested that incorporating information on the growing 
understanding of adaptive immune responses into established system 
biology platforms hold promising potential for future hepatotoxicity 
studies [108]. On the experimental side, the use of induced pluripotent 
stem cell-derived hepatocytes (iPSC- HCs) is a promising alternative to 
animal models and established cell lines to study hepatotoxicity both in 
search for a better mechanistic understanding as well as for early toxic-
ity evaluations during drug development. The ability to generate PSC-
HCs from diverse patient populations enables wider exploration of 
genetically different backgrounds [111]. In conclusion, a shift in para-
digm toward an integrative approach considering drug–host interac-
tions could enhance the mechanistic comprehension of idiosyncratic 
DILI and identification of determinant risk factors, paving the way for 
personalized therapy and safer treatment strategies.
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Chapter 24

Human Leukocyte Antigen (HLA) and Other Genetic Risk 
Factors in Drug-Induced Liver Injury (DILI)

Ann K. Daly

Abstract

Genetic risk factors, especially HLA alleles, have been investigated widely as risk factors for DILI develop-
ment. The earlier studies prior to approx. the year of 2000 suffered from a number of problems including 
small numbers, imprecise phenotype and limited approaches to genotype or phenotype determination. 
Development of national and international networks to study DILI has resulted in larger numbers of cases 
being recruited. In combination with development of standardized methods for causality assessment and 
the introduction of genome-wide association studies (GWAS) in place of the earlier candidate gene 
approaches, this has resulted in more consistent findings on genetic risk factors. The newer studies using 
GWAS have confirmed the importance of HLA alleles as risk factors for DILI and have demonstrated that 
while particular HLA alleles are specific to individual drug causes of DILI, some unrelated drugs show 
similar HLA associations. Importantly, not all forms of DILI show HLA associations, and polymorphisms 
in other genes, especially those relevant to drug disposition, protection against oxidative stress and the 
innate immune system may also be relevant to risk of DILI. Identification of additional genetic risk factors 
may be feasible but will require larger case numbers than those currently available. The positive predictive 
value of all genetic risk factors discovered to date is low, but there is potential to combine genetic data with 
additional patient data such as age and gender to assess the risk of developing DILI with certain drugs.

Key words Human leukocyte antigen, Drug-induced liver injury, Genome-wide association study, 
Single nucleotide polymorphism

1 Introduction

The last 10 years has seen a considerable number of studies con-
cerned with identifying genetic risk factors for DILI. Many of these 
involved genome-wide association studies (GWAS) which are 
increasingly feasible and have a number of advantages over more 
traditional candidate gene case–control studies. This chapter will 
consider both these approaches with particular emphasis on the 
relevance of HLA genes which have emerged as an important 
determinant of DILI risk in humans. Only idiosyncratic DILI, 
which includes most cases of DILI with the exception of those due 
to acetaminophen overdose, will be considered here. Studies on 
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idiosyncratic DILI sometimes divide toxicity into immune- 
mediated and non-immune-mediated reactions but there is consid-
erable overlap between these categories; in particular, some types 
of DILI linked to particular HLA genotypes do not exhibit classic 
“immune” symptoms such as fever and rash so this division will not 
be considered further here.

2 Approaches to Genetic Studies on DILI

The original approach to genetic studies on DILI generally 
involved candidate gene case–control studies where the frequency 
of one or more genetic polymorphisms in biologically plausible 
genes was compared between cases of the disease and ethnically 
matched controls, who had either been exposed to the drug 
without toxicity or were simply healthy volunteers. In general, 
candidate gene association studies had limited success in finding 
genetic risk factors which could be replicated independently 
though some associations discussed in detail in Sects. 3 and 4, 
particularly HLA associations, were detected originally using a 
candidate gene approach. There are a number of reasons for the 
poor success with candidate gene studies on DILI including 
selection of inappropriate candidate genes, selection of polymor-
phisms that are not functionally important, use of small sample 
sizes due to the studies being based at single centers and hetero-
geneity in phenotype. These problems are not unique to DILI 
and also arose with many early genetic studies on complex poly-
genic diseases where family studies are not feasible. Problems 
with gene and polymorphism selection have been increasingly 
overcome by use of GWAS approaches as discussed in Sect. 2.2. 
Issues with sample size still arise but, as discussed in Sect. 2.3. 
below, have been overcome in part by the development of national 
and international networks for case recruitment. There are also 
improved guidelines available to help ensure uniformity in phe-
notype, as discussed in Sect. 2.4. below.

In 2007, the Wellcome Trust Case Control Consortium published 
the first GWAS of selected human diseases [1]. A GWAS involves 
simultaneously genotyping approx. 300,000–1 million single 
nucleotide polymorphisms (SNPs) by microarray technology. 
Because of the existence of linkage disequilibrium in the human 
genome where several SNPs will be inherited together, the SNPs 
genotyped on a GWAS chip can cover all the common genetic vari-
ation in the human genome. Genotype for each SNP is tested for 
association with the disease of interest usually by comparing geno-
type frequency in the disease group with an ethnically matched 
healthy control group. Because of the large number of genotyping 

2.1 Early Studies 
Involving Candidate 
Gene Approaches

2.2 Genome-Wide 
Association Studies 
(GWAS)
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tests being performed, the p-value threshold for statistical signifi-
cance needs to be set at a lower than normal level to correct for 
multiple testing. Replication of significant findings in a second set 
of disease cases is an important feature of the GWAS approach. The 
technique has now been applied to the study of a diverse range of 
diseases, including rare adverse drug reactions such as DILI 
(https://www.ebi.ac.uk/gwas/). A detailed description of meth-
ods used for GWAS is outside the scope on this chapter, mainly 
because generally only DNA preparation from blood samples using 
straightforward methodology or commercial kits is performed at 
the investigators’ laboratories. Genotyping for GWAS using micro-
arrays is normally performed by specialist academic or commercial 
providers. Data analysis for GWAS is complex and also outside the 
scope of this chapter but a detailed account of all aspects of this 
area is available elsewhere [2]. Specific findings on DILI obtained 
by GWAS are discussed in detail in Sects. 3 and 4.

A particular problem with genetic studies on DILI is obtaining 
adequate numbers of cases to discover genetic associations and 
then replicate them. Due to its relative rarity, case finding for 
genetic studies on DILI is challenging. Good progress has been 
made toward understanding the epidemiology of DILI by use of 
adverse drug reaction reports to national registries [3] and by 
searching medical records [4, 5] but the need to also obtain DNA 
samples for genetic studies poses additional challenges. The main 
success in detection of genetic risk factors for DILI has been 
achieved by development of national and international networks 
based on specialist hepatology centers and, to a more limited 
extent, national registries. Examples of national networks devel-
oped to study DILI generally and which continue to recruit include 
the Spanish Hepatotoxicity Group which has collected cases of 
DILI prospectively from all regions of Spain since 1994 [6] and 
now extends to Latin America [7], together with the US DILIN 
network established in 2004 [8], which collects cases both pro-
spectively and retrospectively. Both networks have also collected 
material for DNA preparation from all or some of the cases enrolled 
and have performed genetic analysis on these samples. Networks 
concerned more specifically with genetic studies on DILI include 
DILIGEN based in the UK [9] and iDILIC [10], an international 
network involving Europe, South America, Canada, and Australasia. 
There are also networks which focus on genetic studies on a range 
of different types of adverse drug reaction including DILI such as 
Swedegene based in Sweden [11] and EUDRAGENE which was 
Europe-wide [12]. The recently established PRO-EURO-DILI 
registry is biobanking a wide range of biological samples from 
DILI cases collected prospectively which may facilitate further 
genetic studies [13].

2.3 Networks 
to Study DILI Genetics
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Idiosyncratic DILI shows considerable heterogeneity with a range 
of different phenotypes and therefore obtaining an accurate diag-
nosis is not a simple task. A UK-based study where adverse drug 
reaction reports were searched retrospectively for cases of DILI 
and expert hepatology review was performed revealed that approx-
imately half of the cases were not genuinely DILI [3]. Consistent 
case definition and phenotypic characterization are of paramount 
importance in investigations designed to identify genetic determi-
nants of DILI susceptibility and this recently prompted the devel-
opment of consensus criteria which could be applied readily to 
international studies. Recommendations from an international 
group of investigators based mainly in Europe and the USA have 
been developed [14]. Essentially there is a need to collect precise 
clinical data on suspected cases including details of recently pre-
scribed drugs. Once these data are available, a causality score for 
the likelihood that this is a DILI case is calculated and ideally the 
case is then reviewed by a panel of expert hepatologists. The basis 
for the causality score is use of a scoring system usually referred to 
as RUCAM which was first described in the 1990s [15].

The recent international guidelines related mainly to DILI 
resulting from use of prescribed drugs [14]. Some independent 
guidelines on causality assessment covering herbal medicines, 
which are an important cause of DILI in a number of countries in 
addition to pharmaceuticals, have been developed recently [16]. 
There are also new guidelines regarding phenotype and causality 
assessment from the Chinese Society of Hepatology which seem 
valuable for studies in China where natural medicines are a particu-
larly common cause of DILI [17].

3 HLA Genes as Risk Factors for DILI

HLA genes are located on chromosome 6 in the major histocom-
patibility complex (MHC) region and code for proteins that pres-
ent foreign peptides, usually derived from pathogens, to T 
lymphocytes [18]. These genes are divided into two groups, class I 
and II. Class I genes are expressed on most cells in the body and 
present peptides to cytotoxic T-cells which may result in local tis-
sue damage. Class II genes are expressed mainly on immune cells 
and have a key role in stimulating T-helper cells to produce inflam-
matory mediators. HLA genes show a large amount of genetic 
polymorphism. This diversity probably arose originally to help pro-
tect the body from pathogens but particular HLA alleles have also 
been shown to be risk factors for adverse drug reactions such as 
DILI. Some types of DILI may involve an inappropriate T-cell 
response to a drug, following covalent binding of the drug to cel-
lular proteins.

2.4 Importance 
of Phenotype 
for Genetic Studies 
on DILI
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The first studies on a possible genetic component in DILI sus-
ceptibility date from the 1980s and one of the earliest studies con-
cerned a HLA association which was suggested between the HLA 
serotype DR2 and halothane-related DILI [19]. Following this 
initial study, other reports of associations between HLA serotypes 
and DILI induced by specific drugs emerged. These include a 
study of cases of DILI associated with several different drugs 
including nitrofurantoin [20] which found an apparent increased 
incidence in frequency of certain HLA class II serotypes (HLA-DR2 
and HLA-DR6) among cases compared with controls. These 
increased frequencies were not statistically significant, probably 
due to small numbers. A subsequent larger study also involving a 
number of different causative drugs found a trend toward signifi-
cance for the class I serotype HLA-A11 in DILI induced by tricy-
clic antidepressants and diclofenac and for the class II serotype 
HLA-DR6 in DILI due to chlorpromazine [21].

More recently, HLA associations with DILI have been studied 
directly by genotyping slightly larger numbers of DILI cases. The 
first studies of this nature were on amoxicillin-clavulanate-related 
DILI. Two independent candidate gene association studies 
reported an identical association with the HLA-DRB1*15:01 allele 
[22, 23], which corresponds to the DR2 serotype already observed 
as a risk factor for halothane DILI [19].

Subsequent reports on HLA associations have usually involved 
GWAS, often combined with direct HLA typing if associations in 
the MHC region are detected. HLA typing is increasingly per-
formed by DNA sequencing but, though this approach provides a 
large amount of data, it is labor-intensive and expensive. As an 
alternative, it is now possible to reliably predict HLA genotypes 
from GWAS data by imputation of SNP data using computer pro-
grams. A recent survey of several programs used for this purpose 
found a high level of accuracy could be achieved with several impu-
tation programs using GWAS chip data, particularly for a European 
American population [24].

Table 1 provides a summary of HLA associations with DILI 
reported to date where the association appears robust on the basis 
of relatively large number of cases and/or replication in a second 
cohort. Effect sizes vary considerably depending on the drug with 
odds ratios for risk of DILI of between 2 and 80 reported. The 
strongest HLA association reported to date for DILI is for reac-
tions due to the antimicrobial flucloxacillin, which is used in some 
countries to treat gram-positive bacterial infections. This was 
detected in the first GWAS performed for any type of DILI which 
reported a very strong association (odds ratio 80) for development 
of flucloxacillin DILI with the HLA class I allele B*57:01 [9]. This 
allele had been shown previously to be a strong risk factor for 
hypersensitivity reactions to the drug abacavir, but these reactions 
generally do not involve the liver. HLA-B*57:01 and some related 
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alleles may also contribute to DILI induced by other drugs. In 
particular, B*57:01 carriage appears to be a risk factor for DILI due 
to pazopanib though the effect size is much lower than that 
observed for flucloxacillin [28]. Additional alleles with strong 
homology to HLA-B*57:01 also appear to be risk factors for DILI; 
a recent report found that both B*57:02 and B*57:03 which are 
rare in Europe but more common in Africa were risk factors for 
DILI in patients treated with both anti-HIV drugs and anti-TB 
drugs concomitantly [29].

The early studies suggesting an association between HLA- 
DRB1*15:01 and amoxicillin-clavulanate DILI have been con-
firmed by use of GWAS, with these further studies showing two 
other HLA associations for amoxicillin-clavulanate-related toxicity 
involving HLA class I. Some of the reported HLA associations 
involve two or more different chemically unrelated drugs; for 
example, the HLA class II allele DRB1*15:01 is a risk factor for 
DILI related to both amoxicillin-clavulanate and lumiracoxib and 
the class I allele A*33:01 is a risk factor for DILI due to terbinafine, 
fenofibrate, and ticlopidine (Table 1).

Table 1 
HLA associations in DILI

Gene Allele Drug Reference

HLA-A *02:01 Amoxicillin-clavulanate [25]

HLA-A *33:01 Terbinafine, 
Fenofibrate, 
Ticlopidine

[10]

HLA-A *33:03 Ticlopidine [26]

HLA-B *18:01 Amoxicillin-clavulanate [25]

HLA-B *35:02 Minocycline [27]

HLA-B *57:01 Flucloxacillin [9]

*57:01 Pazopanib [28]

*57:02, *57:03 Anti-TB drugs 
combined with 
antiretroviral agents

[29]

HLA-DRB1 *07:01 Ximelagatran [30]

HLA-DRB1 *07:01 Lapatinib [31]

HLA-DRB1 *15:01 Amoxicillin-clavulanate [22, 23, 
25, 32]

HLA-DRB1 *15:01 Lumiracoxib [33]

HLA-DRB1 *16:01 Flupirtine [34]
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The observed HLA associations are interesting but even for 
flucloxacillin DILI, only 1 in every 500–1000 patients carrying the 
risk allele B*57:01 develop the reaction when given the drug. This 
means that genotyping for B*57:01 shows a low positive predictive 
value and knowledge of genotype is unlikely to be a useful predic-
tor of whether a patient treated with flucloxacillin will develop 
DILI. However, genotyping for B*57:01 may be useful in confirm-
ing that flucloxacillin is the cause of liver injury in patients present-
ing with symptoms of DILI and help ensure the patient is not 
treated with this drug in the future.

Understanding the mechanism by which particular HLA alleles 
are associated with increased risk of DILI is an important issue that 
could lead to an improved understanding of the underlying bio-
logical mechanism and new approaches to identifying drugs that 
cause idiosyncratic DILI early in development. The mechanism 
underlying the flucloxacillin association with HLA-B*57:01 has 
been the best studied to date. Overall, the underlying mechanism 
involved in the flucloxacillin DILI reaction appears to be different 
to the mechanism reported for abacavir [35, 36]. There is some 
evidence that flucloxacillin binds covalently to proteins prior to 
triggering a T cell response [35], though a second study using a 
different approach suggests that covalent binding is not essential 
[36]. For DILI due to amoxicillin-clavulanate, evidence for T cell 
responses involving both drugs has been obtained, with several 
pieces of evidence suggesting a hapten mechanism involving cova-
lent binding of the drugs to proteins [37]. Detailed mechanistic 
studies relating to other causes of DILI where a HLA association 
occurs have generally not yet been performed but a very recent 
report on minocycline DILI suggests that direct binding of mino-
cycline to the HLA-B*35:02 protein may occur in a mechanism 
more similar to that reported for abacavir hypersensitivity [27].

4 Non-HLA Genes and DILI

While HLA genes are important genetic risk factors in idiosyn-
cratic DILI, it is clear that HLA genotype only predicts a small 
proportion of DILI risk. In particular, there are examples of drugs 
that are common causes of DILI such as diclofenac and isoniazid 
where data from GWAS analysis suggests HLA genotype is not a 
predictor of risk [38]. Progress to date in identifying non-HLA 
genetic risk factors for DILI has been limited but a summary of the 
main findings is provided in Table 2.

With respect to genes relevant to drug disposition, a recent 
review has considered their relevance as DILI risk factors in detail 
[59] but concluded that only a small number of the associations 
reported appear likely to be genuine and that almost all still require 
replication in larger numbers of cases, ideally using approaches 
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such as GWAS. The most widely studied association with a non- 
HLA gene to date for DILI is N-acetyltransferase 2 (NAT2) for 
isoniazid-related DILI but, as discussed recently [59], this associa-
tion remains somewhat problematic due to most studies being on 
relatively mild DILI, the complexity of treatment regimens involv-
ing isoniazid for tuberculosis treatment with several potentially 
hepatotoxic drugs used and the failure to date to confirm the asso-
ciation using a GWAS [38].

It remains possible that genes relevant to hepatic function and, 
more generally, to protection against oxidative stress or the innate 
immune response could be risk factors for DILI. Examples are 
shown in Table 2. In general, oxidative stress genes in DILI, espe-
cially those affecting mitochondrial function, have been the most 
investigated [60] of these three gene classes with some borderline 
significant findings reported [56, 58]. In addition, polymorphisms 
in the immune-related genes STAT4 and PTPN22 may be risk fac-
tors for particular DILI phenotypes but this needs follow-up in 
larger numbers of cases [38].

Finding additional non-HLA genetic risk factors may best be 
achieved by larger studies. Much of the success so far in finding 
HLA risk factors has been due to large effect sizes and the highly 
polymorphic nature of HLA genes. In line with a range of com-
mon diseases, odds ratios for genetic risk factors could be in the 
range 1–2 and require sample sizes of several thousand cases for 
detection [61].

5 Conclusions and Future Directions

The development of international networks and clear phenotype 
guidelines has resulted in a relatively large number of studies on 
DILI genetics in the last 8 years approximately. Many of these have 
yielded findings that replicate in additional cohorts and the impor-
tance of HLA genes in susceptibility to this adverse drug reaction 
has become clear. It may be possible to identify additional genetic 
risk factors but this is likely to require considerably larger numbers 
of cases, as discussed in Sect. 4.

It has been suggested that genetic studies using alternative 
approaches such as whole genome sequencing or studies on epig-
enomics where DNA modification is analyzed may increase under-
standing of risk for DILI. These approaches remain promising and 
appear to have not yet been applied to DILI but, unlike GWAS, 
have generally not proved particularly useful to date in studies on 
more common polygenic diseases. In the case of whole genome 
sequencing, this is probably because GWAS combined with impu-
tation of additional genotypes provides adequate coverage of the 
genome when performing case–control studies on polygenic dis-
ease risk, so genome sequencing does not generally provide addi-
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Table 2 
Selected non-HLA risk factors for DILI

Gene Drug Summary findings References

CYP2B6 Efavirenz 
Ticlopidine

For DILI due to ticlopidine, upstream CYP2B6 SNP 
(rs7254579; −2320T>C) (possible high activity variant) 
was more common among cases. For DILI due to 
efavirenz, the CYP2B6*6 allele (rs3745274) (low 
activity variant) appears more common.

[39, 40]

CYP2C9 Bosentan A possible association with CYP2C9 variant alleles, 
especially CYP2C9*2.

[41, 42]

CYP2E1 Isoniazid Inconsistent data. Most studies concern CYP2E1*5 
(rs2031920) (detectable using the restriction enzyme 
RsaI) which may be protective.

[43–45]

NAT2 Isoniazid Many studies suggest that those homozygous for NAT2 
variant alleles (NAT2 slow acetylators) are more 
susceptible to isoniazid-related DILI. Not all studies, 
including one GWAS, find this association.

[38, 46, 
47]

UGT1A6 Tolcapone Several polymorphisms in the UGT1A6 promoter region 
were found to be significantly associated with elevated 
transaminase levels.

[48]

UGT2B7 Diclofenac Possession of UGT2B7*2 (rs7439366) was associated with 
an increased risk of toxicity. In a GWAS substudy of 
genes relevant to drug disposition only, SNPs in the 
UGT2B region which were in linkage disequilibrium 
with the UGT2B7*2-related SNPs were more common.

[38, 49]

GSTM1 and 
GSTT1

Troglitazone Individuals homozygous null for both GSTM1 and GSTT1 
are at increased risk of DILI due to troglitazone.

[50]

ABCB1 Nevirapine In African DILI cases, decreased frequency of 3435C>T 
(rs1045642) seen. This was also reported for a US 
patient group. A study on a group of European 
nevirapine DILI patients failed to confirm this 
association.

[51–53]

ABCB11 Various Association between cholestatic injury due to various 
drugs and a polymorphism (rs2287622) in exon 13 of 
ABCB11reported.

[54]

ABCC2 Diclofenac Carriage of an upstream polymorphism in ABCC2 
(rs717620; −24C>T) was found to be significantly 
more common among DILI cases.

[49]

ABCC2 Various Polymorphism in linkage disequilibrium with rs717620 
was a risk factor for hepatocellular DILI; another 
promoter region polymorphism was a risk factor for 
cholestatic/mixed DILI.

[55]

(continued)

HLA and Other Genetic Risk Factors

minjun.chen@fda.hhs.gov



506

tional novel findings, despite being extremely valuable in rare 
monogenic diseases [62]. Though rare, DILI is generally consid-
ered to be a polygenic rather than monogenic disease. With epig-
enomics, study design remains very challenging and findings 
subject to multiple issues that make interpretation difficult [63]. 
Performing such studies on DILI in the future could yield useful 
data if the study design can be optimized appropriately.

In spite of recent advances in DILI genetics, it is becoming 
clear that knowledge of patient genotype prior to drug prescription 
is unlikely to be a useful means of preventing DILI reactions due 
to low positive predictive value. In parallel with the genetic studies, 
it has been recognized that patient age and gender are also impor-
tant factors in DILI. Assessment of risk with these additional 
 factors considered as well as genotype for HLA and other genes 
may result in improved positive predictive values.
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Chapter 25

Immune Mechanisms in Drug-Induced Liver Injury

Hartmut Jaeschke and Dean J. Naisbitt

Abstract

Drug-induced liver injury is a serious clinical problem and a challenge for drug development. Although 
intracellular events including formation of reactive metabolites and oxidant stress are well-established 
causes of cell injury, immune mechanisms of liver injury are coming more into focus recently. Acute liver 
injury as observed after acetaminophen overdose leads to release of damage-associated molecular patterns 
(DAMPs), which triggers formation of cytokines and chemokines through activation of toll like receptors 
and other pattern recognition receptors causing the activation of innate immune cells including neutro-
phils, Kupffer cells, and monocytes. The general purpose of this innate immune response is to recruit 
phagocytes into the areas of necrosis to remove necrotic cells and prepare for regeneration of the lost 
tissue. However, an excessive innate immune response may cause additional cell death and exaggerate the 
original injury. The factors that trigger a proinjury versus a proregenerative innate immune response during 
drug-induced liver injury remain to be investigated. On the other hand, a prolonged subclinical stress 
caused by therapeutic doses of certain drugs can trigger activation of T and B lymphocytes and an adaptive 
immune-mediated liver injury in susceptible individuals. Although specific HLA alleles have been identified 
as risk factors for drug hepatotoxicity, there is still limited understanding of the mechanisms of adaptive 
immune cell activation, the development of immune tolerance and the mechanisms of cell death in patients. 
The chapter summarizes the current knowledge on innate and adaptive immune-mediated liver injury 
mechanisms in drug hepatotoxicity.

Key words Drug-induced liver injury, Acetaminophen, Innate immunity, Neutrophils, Monocytes, 
Adaptive immunity, T cells, IgG, Flucloxacillin

1 Introduction

Drug-induced liver injury is a significant clinical problem and a 
major challenge during drug development. It is generally agreed 
on that the metabolism of a drug or chemical in hepatocytes, and 
in rare cases the parent drug itself, causes an intracellular stress [1]. 
In the case of drugs that directly cause hepatotoxicity in patients, 
e.g., acetaminophen (APAP), the initial stress coming from the 
formation of a reactive metabolite that binds to cellular proteins 
triggers intracellular signaling pathways leading to cell death and 
severe liver injury [2]. The extensive release of cellular content 
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induces a rapid innate immune response, with the main purpose of 
removing the cellular debris and promotion of regeneration [3]. 
However, a misguided and exaggerated innate immune response 
can also greatly enhance the original injury and lead to acute liver 
failure [3–5]. On the other hand, in cases of drugs that induce 
idiosyncratic hepatotoxicity in patients, the initial stress may be 
much more subtle and more difficult to detect, especially in pre-
clinical models [6]. However, the more subtle chronic stress can 
eventually trigger an adaptive immune response, which may cause 
liver injury [6]. This chapter discusses mechanisms and examples of 
both innate and adaptive immune responses during the develop-
ment of drug-induced liver injury.

2 Innate Immune Mechanisms and Drug Hepatotoxicity

Innate immune cells that are present in the liver include the largest 
resident macrophage pool (Kupffer cells) and various lymphocyte 
populations including natural killer (NK), NK T cells, and den-
dritic cells [7]. In addition, inflammatory mediators can activate 
and recruit neutrophils and monocyte into the liver. Each of these 
cell types has been implicated in drug-induced liver injury either as 
proinflammatory cell type exaggerating the initial injury or being 
involved in the resolution of the inflammatory response and pro-
moting liver repair. Although an innate immune response has been 
implicated in a number of drug- and chemical-induced liver injury 
models [4, 8], the by far most-studied and mechanistically best- 
described example is the direct hepatotoxin acetaminophen (APAP) 
[5, 9]. In addition to the preclinical investigations, APAP overdose 
is also the clinically most relevant cause of drug hepatotoxicity and 
acute liver failure in the Western world [10], and thus allows the 
direct assessment of mechanisms derived from preclinical models 
in patients [11].

Extensive cell necrosis causes the release of cell contents including 
molecules that are collectively termed damage-associated molecu-
lar patterns (DAMPs) (Fig. 1a). Compounds identified as DAMPs 
include high mobility group box 1 (HMGB1) protein, nuclear 
DNA fragments, mitochondrial DNA, ATP, and many others 
[4, 5, 9]. These DAMPs are recognized by pattern recognition 
receptors such as toll-like receptors (TLRs), which are located on 
all liver cells including macrophages [12]. Stimulation of TLRs 
induces the transcriptional activation of cytokines and chemokines 
[12], which can induce adhesion molecules on hepatic cells [13], 
directly prime and activate neutrophils and monocytes but also, 
when generated by hepatocytes, provide a chemotactic gradient for 
neutrophil and monocyte extravasation [14].

2.1 Initiation 
of the Innate Immune 
Response in Drug 
Hepatotoxicity
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After an APAP overdose resulting in severe liver injury, extensive 
release of DAMPs including nonacetylated HMGB1 [15], nuclear 
DNA fragments and mitochondrial DNA [16], heat shock proteins 
[17], and uric acid [18] have been observed in experimental mod-
els but also in humans [17, 19] (Fig. 1b). Furthermore, cytokine 
and chemokine levels are increased in serum of APAP- treated ani-
mals [20–24]. The increase in cytokine formation was attributed in 
part to TLR9, which is mainly activated by mtDNA or DNA frag-
ments [25, 26] and in part to TLR4, which can be activated by 
HMGB1 and other DAMPs [23]. However, others have argued 
that HMGB1 does not act through TLR4 but through the recep-
tor for advanced glycation end products (RAGE) instead [27]. 

Fig. 1 Mechanisms of a sterile inflammatory response after cell necrosis causing additional inflammatory liver  
injury or supporting liver regeneration. General scheme of the initiation of a sterile inflammatory response by 
release of damage associated molecular patterns (DAMPs) by necrotic cells, the promotion of cytokine and 
chemokine formation by activating pattern recognition receptors such as toll-like receptors (TLRs), and the 
consequent activation and recruitment of inflammatory cells, which can aggravate the initial injury (see text 
for details) (a). The sterile inflammatory response after acetaminophen-induced liver injury, which does not 
aggravate the original injury, promotes the removal of necrotic cell debris and supports regeneration (see text 
for details) (b). Abbreviations: C5aR complement fragment C5a receptor, HMGB1 high mobility group box 1 
protein, HOCl hypochlorous acid, ICAM-1 intercellular adhesion molecule-1, IL interleukin, MCP-1 monocyte 
chemoattractant protein-1, mtDNA mitochondrial DNA, RAGE receptor for advanced glycation end products
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There is also a controversy whether TLRs on macrophages are acti-
vated to generate cytokines and chemokines, which are responsible 
for neutrophil and monocyte recruitment [23, 24] or if the DAMPs 
act directly on neutrophils [27]. Tumor necrosis factor-α (TNF-α) 
is being generated in limited amounts after APAP toxicity [20] and 
anti-TNF antibodies were originally reported to be protective 
[28]. However, subsequent studies using more specific interven-
tions such as mice deficient in TNF-α [29] and TNF- receptor 1 
[30] did not show any protection against APAP hepatotoxicity 
suggesting that TNF is not likely a relevant mediator in the patho-
physiology. More recently, another proinflammatory cytokine that 
received attention in APAP hepatotoxicity is interleukin-1β (IL-1β). 
The formation of this cytokine not only requires the transcriptional 
activation of pro-IL-1β through TLR9 but also the cleavage of 
pro-IL-1β to the active cytokine by caspase- 1 [25]. DAMPs such 
as ATP act on the purinergic receptor P2X7 and activate the Nalp3 
inflammasome, which results in activation of caspase-1 [4, 9]. 
Although the TLR9-dependent transcriptional formation of pro-
IL-1β [25] and the caspase-dependent formation of the actual 
cytokine IL-1β [22] was shown, the relevance of this cytokine as 
activator of neutrophils has been questioned due to the very low 

Fig. 1 (continued)
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levels formed during APAP hepatotoxicity in mice [22] and in 
humans [9]. The limited formation of IL-1β was recently confirmed 
and it was suggested that IL-1α, a cytokine that does not require 
the inflammasome activation, is the dominant IL-1 responsible for 
neutrophil recruitment during APAP hepatotoxicity [23]. Despite 
these somewhat controversial reports about which cytokine is actu-
ally responsible for the activation and the recruitment of neutro-
phils, the innate immune cells accumulating first in the liver during 
the development of APAP-induced liver injury, there is much more 
consensus that MCP1 is the driving force for the later accumulat-
ing monocyte-derived macrophages in mice [24, 31] and also in 
humans [32].

The mechanisms of neutrophil-induced liver injury has been stud-
ied extensively and is well established for the pathophysiology of 
hepatic ischemia–reperfusion injury [33], endotoxemia [34] and 
obstructive cholestasis [35]. Despite the different insults, the gen-
eral characteristics of tissue injury by neutrophils are very similar 
and include neutrophil activation (CD11b, reactive oxygen) by 
proinflammatory mediators in circulation [36], the accumulation 
in sinusoids and subsequent transmigration dependent mainly on 
β2 integrins (CD11/CD18) and intercellular adhesion molecule-1 
(ICAM-1) and the adhesion to hepatocytes with prolonged reac-
tive oxygen formation leading to an oxidant stress-mediated cell 
death in the target cell [14]. Because neutrophils generate the 
potent oxidant hypochlorous acid through the enzyme myeloper-
oxidase, specific products such as chlorotyrosine [35, 37] and 
hypochlorous acid-modified proteins [38] can be detected in cells 
subjected to a neutrophil-induced oxidant stress.

Neutrophils accumulate in the liver shortly after the APAP- 
induced liver injury starts around 4–6 h after an overdose in mice 
[20, 39] and it has been suggested that they aggravate liver injury 
over the next 15–20 h [23, 26, 40]. However, fundamental 
features of the mechanism could not be verified. First, systemic 
neutrophil priming was not observed during the early injury [41]. 
Second, many different interventions that directly affected the 
capacity for the neutrophil to transmigrate and attack a target cells 
such as antibodies that cause neutropenia or functionally block 
CD18, or the use of knockout mice of CD18 or ICAM-1 all had 
no effect on the injury [20, 39, 41]. Furthermore, using inhibitors 
of NADPH oxidase, the enzyme responsible for reactive oxygen 
formation by neutrophils and other phagocytes, or mice deficient in 
NADPH oxidase genes, showed both similar APAP-induced liver 
injury and oxidant stress as the respective controls and wild type 
animals [39, 42, 43]. In addition, no direct evidence (hypochlorite- 
modified proteins) for a neutrophil-induced oxidant stress was 
observed during APAP hepatotoxicity [39]. The  consistent 
absence of any protective effect with direct interventions against 

2.2 Neutrophil- 
Induced Liver Injury 
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Hepatotoxicity
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neutrophils, all of which are effective against hepatic ischemia–
reperfusion injury, endotoxemia, and obstructive cholestasis 
[33–35], make it highly unlikely that neutrophils, despite the 
recruitment and inflammatory mediator production, actively con-
tribute to APAP-induced liver injury [2, 5, 9] (Fig. 1b).

How can we explain some of the other reports that appear to 
favor a neutrophil-induced injury phase? Most of these studies are 
based on neutropenia experiments where the Gr-1 or Ly6G anti-
body was injected 24 h before APAP administration [23, 26, 40]. 
Due to the Kupffer cell activation that is caused by the inactivated 
neutrophils in sinusoids and the resulting preconditioning effect 
with upregulation of protective genes including metallothionein 
and heat shock proteins [44], the hepatoprotection is not caused 
by neutrophils but by the off-target effect of the interventions 
[2, 9]. Moreover, many other interventions that affect upstream 
cytokines or their receptors [23, 25] may have only indirect effects 
on neutrophils potentially due to the reduced injury. However, 
some of these cytokines can modulate the injury through induc-
tion of inducible nitric oxide synthase [45], which contribute to 
the peroxynitrite formation critical for the APAP-induced cell 
death mechanisms [2, 46]. Another reason for variable results can 
be the background strains of gene knockout mice. Unless litter-
mates are being used as wild type controls, there is always a chance 
that even a slight mismatch of the genetic background between 
wild type and gene knockout mice can lead to results that reflect 
the different susceptibility of the different background strains 
rather than the gene deficiency [47, 48]. Thus, a detailed knowl-
edge of the pathophysiology of APAP-induced liver injury and 
potential off- target effects of therapeutic interventions need to be 
considered when interpreting data from experiments assessing the 
innate immunity in drug toxicity.

Independent of the controversial studies in mice, the critical 
question remains how these immune mechanisms translate to 
patients. A recent study has shown that neutrophil activation, 
assessed as CD11b upregulation, ROS priming and increased 
phagocytosis, is only observed after the peak of injury as indicated 
by declining plasma ALT levels [43]. This suggests that neutro-
phils are unlikely to be involved in the injury phase in humans but 
are more likely recruited to promote recovery (Fig. 1b). This is 
consistent with the lack of a relevant formation of proinflammatory 
cytokines such as TNF-α and IL-1β and only limited generation of 
IL-8 during the injury phase [49].

Early studies have suggested that Kupffer cells are activated after 
APAP-induced liver injury [50] and follow-up studies using  general 
inhibitors of these phagocytes such as gadolinium chloride have 
reported protective effects [51, 52]. However, these reports could 
not be confirmed [53–55]; in fact, a more specific elimination of 
Kupffer cells with clodronate liposomes demonstrated beneficial 

2.3 Role of Kupffer 
Cells and Monocytes 
in Drug Hepatotoxicity
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effects of Kupffer cell activation [55], most likely due to anti-
inflammatory cytokine (IL-10) formation [45]. An argument 
against a Kupffer cell-induced oxidant stress as the main reason for 
APAP-induced injury as postulated [52] is the fact that the most 
active Kupffer cells are located in the periportal area, which would 
make it difficult to selectively cause centrilobular necrosis, and the 
fact that a NADPH-deficient mouse shows similar oxidant stress 
and injury as wild type animals [42]. However, more recent studies 
have also implicated Kupffer cells as the major source of IL-1α and 
an IL-1α-mediated injury phase [23], which contradicts a previous 
study implicating IL-1β and the inflammasome activation in 
Kupffer cells [25]. Although the limited inflammasome activation 
and IL-1β formation as reported by Zhang and coworkers [23] 
agrees with other previous studies [22, 56, 57], it still assumes an 
IL-1 receptor-dependent neutrophil activation and injury, which 
has been already disputed [22].

In addition to the resident Kupffer cells, it is well established 
that monocyte-derived macrophages accumulate in the liver, 
mainly in the area of necrosis, after APAP overdose [24]. The main 
chemokine responsible for their activation and recruitment is 
monocyte chemoattractant protein-1 (MCP-1, CCL2), which is 
generated by both macrophages and damaged hepatocytes during 
APAP hepatotoxicity [24]. The receptor for MCP-1 is the chemo-
kine receptor CCR2 located on monocytes and macrophages [24]. 
Mice deficient in CCR2 and MCP-1 showed reduced accumula-
tion of monocyte-derived macrophages in the liver but no protec-
tion against APAP-induced liver injury [24, 31]. Interestingly, the 
resolution of the injury and recovery was significantly delayed in 
CCR2-deficient mice [24, 31, 58], suggesting that these mono-
cytes are recruited mainly for removal of cell debris in preparation 
for regeneration [24, 31]. However, since neutrophil accumula-
tion was also reduced in CCR2-deficient mice [31], it is likely that 
the removal of cell debris involves both monocyte-derived macro-
phages and neutrophils (Fig. 1b).

In human APAP overdose patients, the minimal formation of 
classical proinflammatory mediators including TNF-α and IL-1β 
together with formation of the anti-inflammatory cytokine IL-10 
[21, 49] suggests a limited inflammatory response of macrophages 
(M1 phenotype). In contrast, high levels of MCP-1 promote 
monocyte-derived macrophage infiltration into the liver that 
appears to be mainly of the proregenerative phenotype (M2) [32]. 
Interestingly, MCP-1 levels decline over time in patients who 
regenerate damaged tissue and recover but remain substantially 
elevated in patients who do not recover and progress to acute liver 
failure [49]. This observation suggests that the limited removal of 
necrotic tissue leads to a prolonged formation of MCP-1and 
recruitment of monocyte-derived macrophages [49], which may 
be the reason for the more pronounced depletion of monocytes in 
APAP-induced liver failure patients with poor outcome [32]. 
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Overall, both the studies in mice and in humans strongly support a 
pro-regenerative inflammatory response after APAP-induced liver 
injury that is critical for the recovery.

A role of NK and NKT cells in APAP hepatotoxicity has been sug-
gested based on the reduced injury observed in mice where both 
NK and NKT cells were depleted with an anti-NK1.1 monoclonal 
antibody [59]. However, the relevance of these results has been 
questioned because the protective effect was only observed when 
the animals were cotreated with dimethyl sulfoxide, which appears 
to recruit and activate NK and NKT cells [60]. The story is further 
complicated by conflicting observations that NKT cell-deficient 
mice [CD1d(−/−) and Jα18(−/−) mice] showed increased APAP 
hepatotoxicity due to enhanced ketone body formation during 
starvation, which induced Cyp2E1 levels [61]. In contrast, fed 
Jα18(−/−) mice were more resistant to APAP due to enhanced 
GSH levels and the improved scavenging capacity for the reactive 
metabolite [62]. A recent study on dendritic cells showed that 
depletion of these immune cells exacerbated APAP toxicity [63], 
however, the mechanism by which dendritic cells limit APAP hepa-
totoxicity remained unclear. The enhanced liver injury was inde-
pendent of neutrophils or NK cells [63], which also confirmed 
previous studies showing that neither neutrophils [20, 39, 41] nor 
NK cells affect APAP hepatotoxicity [60].

Severe cell necrosis induced by drug hepatotoxicity causes the 
release of DAMPs, which can trigger cytokine and chemokine for-
mation through stimulation of TLRs and other pattern recogni-
tion receptors on macrophages, neutrophils and hepatocytes. 
These mediators activate a number of resident and circulating leu-
kocytes including neutrophils and monocytes. Although the main 
purpose of this sterile inflammatory response is to remove necrotic 
cells and assist in tissue recovery, there is the possibility that such 
an inflammatory response can also cause additional tissue injury 
(Fig. 1a). As outlined for the example of APAP hepatotoxicity in 
mice and humans, selective interventions and their interpretations 
are not always straightforward and can be affected by off-target 
effects. Clearly, multiple experimental approaches need to be 
applied and any conclusion should not only narrowly focus on the 
results of individual experiments but should consider the entire 
body of literature on the subject.

3 Adaptive Immune Mechanisms and Drug Hepatotoxicity

The adaptive immune system is made up of specialized cells 
designed to eliminate infectious pathogens. T and B lymphocytes 
are the primary cells involved in the adaptive immune response. 
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When T cells are activated they secrete a plethora of mediators 
(e.g., cytokines, chemokines) that help to control the nature of the 
immune response and the recruitment and activation of innate 
immune cells. Furthermore, T cells have the capacity to cause cyto-
toxicity directly through the release of cytolytic mediators. In con-
trast, activation of B cells results in secretion of antibodies that 
migrate through the blood and bind to foreign material preventing 
binding to host tissue. The total mass of lymphocytes in the body 
is similar to that of the liver; a small portion travels through the 
bloodstream, but much larger numbers reside in tissues [64]. 
Immunological memory is the key defining characteristic that sep-
arates innate and adaptive immune responses. Following exposure 
to a pathogen there is a process of clonal expansion where large 
numbers of lymphocytes are generated that recognize a specific 
pathogen, commonly referred to as the antigen. These cells migrate 
to the site of an immune response where they become actively 
involved in elimination of the pathogen. Afterward, the majority of 
lymphocytes die by apoptosis. However, a small number survive 
often for the lifespan of the host and are primed to respond rapidly 
in a highly efficient manner. This concept of immunological mem-
ory allows researchers to isolate and study the drug-specific lym-
phocyte response in patients with liver injury many years after the 
adverse event.

The clinical observation that certain forms of liver injury have 
a long delay in onset and sometimes occur rapidly on rechallenge 
forced early researchers to speculate that the adaptive immune sys-
tem participates in the reaction. A number of review articles discuss 
the possible role of the adaptive immune system in drug-induced 
liver injury (e.g., [65, 66]); however, until recently, direct evidence 
of drug-specific T and/or B lymphocyte responses in patients has 
been lacking. Below we discuss how drugs activate lymphocytes, 
the discovery of specific HLA alleles as risk factors and specific 
drug examples where it has been possible to delve into patient 
blood and isolate and characterize antigen-specific lymphocyte 
responses.

Hypersensitivity reactions to the antiviral drug abacavir were the 
first to be strongly associated with expression of a single human 
leukocyte antigen (HLA) allele, HLA-B*57:01 [67]. Very rapidly 
immunologically confirmed reactions to abacavir were shown to 
develop only in patients expressing this HLA allele [68]. The 
strength of the positive predictive value (100%) and negative pre-
dictive value (48%) led to the employment of a cost-effective phar-
macogenetic test prior to abacavir use [69], which effectively 
prevents abacavir hypersensitivity. Over the past 10 years, genome- 
wide association studies have identified HLA associations with sev-
eral drugs associated with liver injury (Fig. 2; e.g., ximelagatran 
[70], flucloxacillin [71], amoxicillin-clavulanate [72], ticlopidine 
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Fig. 2 Examples of several drugs that cause liver injury related to HLA associations

Hartmut Jaeschke and Dean J. Naisbitt

minjun.chen@fda.hhs.gov



521

[73], lapatinib [74], minocycline [75], and terbinafine [76]). In 
most of these studies, carriage of the HLA allele was identified as a 
strong risk factor (i.e., most individuals with liver injury express the 
HLA allele); however, only small numbers of individuals express-
ing the HLA allele go on to develop liver injury when exposed to 
the culprit drug. For example, with flucloxacillin, only 1 in 500–
1000 HLA-B*57:01 positive patients prescribed flucloxacillin will 
go on to develop liver injury [71]. As such, unlike abacavir, geno-
typing prior to drug use offers little benefit.

These genetic association studies suggest that drug-derived 
antigens bind selectively to protein encoded by the HLA allele to 
activate T cell responses that presumably participate in the adverse 
event (see detailed discussion below). However, it is important 
that future research explores why most drug-exposed individuals 
expressing HLA risk alleles do not develop liver injury. It is possi-
ble that environmental factors act synergistically with drug-induced 
stress signaling to activate the innate immune system and/or mod-
ulate costimulatory/coinhibitory signaling, to drive the antigen- 
specific T cell response in genetically predisposed individuals.

For a drug to activate T cells it must be presented to the T cell 
receptor in the context of major histocompatibility complex 
(MHC) molecules encoded by HLA alleles. Endogenous MHC 
molecules traditionally bind short peptides in a linear confirmation 
prior to display on the surface of antigen presenting cells and acti-
vation of T cells. In in vitro systems, drugs have been shown to 
interact directly with MHC peptide complexes expressed on the 
surface of antigen presenting cells to activate T cells [77, 78]. The 
nature of the drug MHC T-cell receptor binding interaction has 
not been fully defined and as such it is possible to develop multiple 
scenarios that explain how the combination of MHC molecule, 
drug and peptide trigger signal transduction events that result in T 
cell activation [79–81]. Drugs and drug metabolites also trigger T 
cell responses by binding irreversibly to non-MHC-associated pro-
tein through a hapten mechanism originally proposed by 
Landsteiner and Jacobs [82–84]. Protein processing within anti-
gen presenting cells is thought to liberate T-cell stimulatory MHC 
binding drug-modified peptides. However, it is also possible that 
drug binding alters proteosomal processing of the protein with the 
subsequent T cell response being directed against novel peptide 
sequences.

Maria and Victorino [85] demonstrated that one could use the 
lymphocyte transformation test to detect drug-responsive T cells 
in the peripheral blood of approximately 50% of patients with 
drug-induced liver injury. Similar responses were not detected with 
peripheral blood mononuclear cells (PBMCs) from drug-tolerant 
controls or drug-naïve donors. The lymphocyte transformation 
test is a simple assay that uses proliferation as readout for T cell 
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activation. PBMCs are cultured with drug and a positive control 
antigen for 5–6 days prior to addition of [3H]thymidine for the 
final 16 h of the experiment. A stimulation index (proliferation in 
test incubations/proliferation in control incubations) of two or 
more indicates the presence of drug-responsive memory T-cells in 
the patient. Similarly, Warrington found that the lymphocyte trans-
formation test was positive in 85–95% of isoniazid liver injury cases 
[86, 87]. Unfortunately, in neither study was the nature of the 
T cell response studied.

Flucloxacillin is a β-lactam antibiotic associated with a high inci-
dence of delayed-onset liver injury. Approximately 85% of patients 
with flucloxacillin-induced liver injury express HLA-B*57:01 [71], 
which suggests that the flucloxacillin antigen interacts selectively 
with the HLA-B*57:01 protein promoting T-cell responses. 
Flucloxacillin-specific T cells from blood of patients with liver 
injury have been isolated, cloned and characterized in terms of cel-
lular phenotype and function. Drug-specific T-cells were for the 
most part CD8+ and the T cell response was MHC class I restricted 
and dependent on processing of a drug-derived protein adduct by 
antigen presenting cells [83, 84]. Flucloxacillin treatment of T 
cells resulted in the secretion of IFN-γ and cytolytic molecules.

Mass spectrometry has been used to show that flucloxacillin 
binds irreversibly to selective lysine residues on model proteins 
such as human serum albumin [88]. Moreover, flucloxacillin binds 
to multiple hepatic proteins in rodent models [89] and primary 
human hepatocytes (unpublished data). Thus, the search is on to 
identify and characterize the protein adducts and derived peptide 
fragments that stimulate the T cell response.

Flucloxacillin-specific CD8+ T-cell responses are also detect-
able using PBMC from drug-naïve donors expressing HLA- 
B*57:01 [77, 83, 90]. HLA-deficient cell lines transfected with 
HLA-B*57:01 and a panel of antigen presenting cells expressing 
different HLA B alleles were used to show that flucloxacillin does 
indeed interact selectively with HLA-B*57:01 to activate T cells. 
Immunohistochemical staining of a liver biopsy from a patient with 
flucloxacillin-induced liver injury showed the infiltration of gran-
zyme B-secreting CD8+ T cells into the liver [91]; however, the 
way in which T cells participate in liver injury that manifests in 
patients remains to be addressed.

Burban et al. [92] have recently shown that flucloxacillin 
induces non-immune-mediated cholestatic features in human 
hepatocytes from HLA-B*57:01 negative and positive donors. 
Thus, it will be important to develop in vitro models to study how 
this direct effect of flucloxacillin impacts on its disposition and the 
provision of antigenic and stress signals to the adaptive and innate 
immune system, respectively.

3.2.1 Flucloxacillin 
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The combination of amoxicillin and clavulanic acid is an effective 
treatment for a wide spectrum of bacterial infections including 
resistant bacteria that produce β-lactamase. The incidence of 
amoxicillin-clavulanate-induced liver injury has been estimated 
to be 1 in 2350 patients [93]. Since more than 70 million people 
in the USA alone are treated with amoxicillin-clavulanate, the 
drug combination represents one of the most common causes of 
drug- induced liver injury. Several HLA class I and II alleles are 
associated with an altered susceptibility to amoxicillin-clavula-
nate-mediated liver injury [94–96].

Amoxicillin-specific T cells are known to participate in 
amoxicillin- induced skin reactions [97]. Thus, it has been pro-
posed clavulanic acid might skew or redirect the amoxicillin- specific 
T cells toward liver. To investigate this, we recently characterized 
the phenotype and drug-specificity of T cells cloned from patients 
with amoxicillin-clavulanate-mediated liver injury [98]. 
Amoxicillin- and clavulanic acid-responsive T cells were detected, 
but no cross-reactivity was observed with the two structurally 
diverse compounds that form distinct multiple haptenic structures 
in patients [99]. In contrast to flucloxacillin, amoxicillin- and cla-
vulanic acid-derived antigens interact with multiple MHC class I 
and II molecules to activate T cells, with little apparent preference 
for those detected in genome-wide association studies.

A combination of isoniazid, rifampicin, pyrazinamide and/or eth-
ambutol is commonly used for the treatment of tuberculosis. Drug 
treatment is associated with a mild elevation of liver enzymes in 
between 2 and 28% of patients that occasionally develops into liver 
failure. A strong association between expression of HLA alleles and 
susceptibility to liver injury has not been described. Since identifi-
cation of the culprit drug is often difficult due to multiple 
 medications being taken simultaneously we recently investigated 
whether drug-specific T cells were detectable in patients with liver 
injury [100, 101]. Isoniazid, but not the other antituberculosis 
drugs, was found to activate CD4+ T cell clones from patients with 
mild–moderate liver injury via an MHC class II-restricted pathway 
through the drug binding directly to MHC molecules. Somewhat 
surprisingly, T cells from a patient with fatal antituberculosis drug- 
mediated liver injury were activated with ethambutol and rifampi-
cin, but not isoniazid. These data show that individual 
antituberculosis drugs each have the capacity to activate T cells and 
as such personalized treatment strategies for liver injury patients 
should be designed with care.

Halothane-induced hepatotoxicity is an immunological event 
thought to be initiated by oxidative metabolism of halothane. 
Blood from patients with hepatotoxicity contains B cell-derived 
IgG antibodies directed against microsomal proteins modified 
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with a trifluoroacetyl halide metabolite [102–105]. The role of 
metabolic activation and protein binding in the hepatotoxicity of 
halothane is best illustrated by consideration of the relationship 
between the in vivo metabolism of general anesthetics and the 
observed incidence of the adverse drug reactions in humans (see 
[106] for a detailed discussion). The extent of metabolism corre-
lates directly with the incidence of toxicity. Halothane-induced 
liver injury can be modeled in rodent systems [107–109], where 
CD4+ and CD8+ T are activated against trifluoroacetyl-modified 
proteins and eosinophils accumulate in liver and mediate the 
pathogenesis.

Metushi et al. [110, 111] identified a range of antidrug and 
autoantibodies in patients with isoniazid-induced liver failure. 
Antibodies were not detected in tolerant patients. The dominant 
isotype of the anti-isoniazid antibody was IgG, with IgG3 being 
most highly expressed. These studies suggest that B cells are selec-
tively activated by drug-induced liver injury causing drugs and that 
IgG antibodies participate in the disease pathogenesis. However, it 
is unclear whether the antibodies are responsible for the tissue 
injury. It is equally likely that antibody binding negatively regulates 
the disease through neutralization (limiting the availability) of the 
T cell antigen or through other immune mechanisms.

Several mouse models of drug-induced hepatotoxicity have been 
developed to investigate the importance of immune components 
in the disease, but most do not mimic the clinical features seen in 
human patients (e.g., delayed onset). To address this, a CD4- 
deficient mouse strain has been used to study CD8+ T cell responses 
against flucloxacillin and whether activated T cells target  hepatocytes 
[112]. CD8+ T cells from flucloxacillin-sensitized mice were stim-
ulated to proliferate and secrete granzyme B in vitro when restimu-
lated with the drug. Furthermore, T cell activation resulted in the 
killing of primary hepatocytes. Although oral exposure to flucloxa-
cillin resulted in a marked swelling of the gall bladder, only mild 
elevations in alanine aminotransferase were observed.

An important advance in drug hepatotoxicity model develop-
ment was recently presented by Uetrecht and coworkers. They 
have shown that blockade of immune checkpoints PD1 and 
CTLA4 prior to exposure to drugs (amodiaquine, isoniazid, nevi-
rapine) leads to liver injury with similar characteristics to the human 
disease such as delayed onset and a mononuclear inflammatory 
infiltrate with necrosis [113–116]. Liver injury was not observed 
when drugs were administered without checkpoint inhibition, 
which provides strong evidence that immune regulatory mecha-
nisms dampen unwanted immune responses to drugs in the animal 
model, but also potentially in human subjects. Further work should 
be conducted to characterize drug-specific T cells and how they 
contribute to the liver injury when activated. Furthermore, it will 
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be interesting to see whether drugs associated with other forms in 
immunological reactions in humans cause unexpected liver injury 
in the animal model.

To summarize, components of the innate immune system are now 
believed to be activated in patients with DILI. Furthermore, there 
is an emerging body of evidence to suggest that severe cases of 
DILI involve the synergistic actions of the innate and adaptive 
immune systems to bring about the tissue injury. A comprehensive 
understanding of innate pathways activated by drugs and how 
these pathways promote adaptive immune responses is urgently 
needed. Only a few in vitro studies have attempted to explore the 
relationship between activation of the immune system and drug- 
induced hepatocyte death. Oda and colleagues developed a cell- 
based assay that evaluated immune and inflammatory gene 
expressions [117]. The human hepatoma HepaRG or HepG2 
were exposed to 96 drugs and supernatants were then cultured 
with human promyelocytic neutrophil-derived cells (HL-60) fol-
lowed by the evaluation of immune and inflammatory genes. Using 
an integrated score of S100 calcium-binding protein A9 (S100A9), 
IL-1β, and IL-8 gene expression, the authors successfully classified 
test drugs into positive and negative compounds. More recently, 
freshly isolated primary human hepatocytes have been used to 
characterize drug-specific signaling between the liver and innate 
immune cells [118]. Drug-treated primary human hepatocytes 
released damage associated molecular patterns, particularly 
HMGB1, in a drug- and dose-dependent manner. Furthermore, 
hepatocyte-conditioned media stimulated dendritic cells to secrete 
proinflammatory cytokines. Work is now urgently needed to 
explore whether it might be possible to develop these models sys-
tems to incorporate the adaptive immune system. The study of the 
cellular mechanisms of immune-mediated DILI in vitro requires a 
fully autologous system. To overcome this hurdle, an HLA-typed 
PBMC bank from 1000 healthy volunteers has been established 
[119], and cell culture methods to assess the immunogenicity of 
drugs has been developed [90, 120–122]. In the near future, it 
might be possible to incorporate iPS-derived hepatocyte-like cells 
from the same HLA-typed donors into immune assays.
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Chapter 26

Translational and Mechanistic Biomarkers of Drug-Induced 
Liver Injury – Candidates and Qualification Strategies 

Daniel J. Antoine

Abstract

Drug-induced liver injury (DILI) represents a major medical concern associated with significant patient 
morbidity and mortality. However, currently used biomarkers are insufficient, not fit for purpose and lack 
sensitivity and specificity. Recently studies from preclinical and clinical DILI have revealed candidates that 
hold transformative potential for the sensitive identification of DILI and its prognostic assessment. 
Promising biomarkers provide increased hepatic specificity (miR-122), mechanistic insight (Keratin-18), 
and prognostic information (HMGB1, KIM-1, CSF-1). Moreover, given their inherent mechanistic basis, 
these candidate biomarkers have led to promising mechanism-based therapeutic interventions. Such can-
didate molecules have recently received regulatory endorsement and their further qualification is to be 
assessed in formal clinical trial settings. Here the integrated use of such candidates is discussed with respect 
to roadblocks to clinical adoption and their use for understanding fundamental hepatic drug safety science 
to improve patient safety.

Key words Acetaminophen, DILI, Hepatotoxicity, Qualification, Sensitivity, Specificity, Validation

1 Introduction

Drug-induced liver injury (DILI) represents a major medical con-
cern associated with significant patient morbidity and mortality. 
Within drug development, attrition due to DILI occurs in all 
phases of the pipeline, from preclinical testing to clinical trials, to 
the marketplace. In cases where the frequency is high in either 
animal species or in humans, DILI is considered “intrinsic” in that 
it is assumed to result from direct hepatocellular damage [1]. 
Acetaminophen (paracetamol) induced liver injury is a well cited 
example here. However, another concerning manifestation of 
DILI, termed “idiosyncratic,” occurs very rarely in susceptible 
individuals exposed to therapeutic doses [2]. Idiosyncratic DILI is 
difficult to predict due to the complex nature of the mechanisms of 
the disease and is one of most feared adverse drug reactions.
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The prediction of DILI in humans from preclinical models 
remains difficult, particularly in cases characterized by marked 
interindividual variation. To date, only a relatively small number of 
blood-based tests are used to assess DILI while the assessment of 
DILI in preclinical drug development is heavily dependent upon 
hepatic histological interpretation [3]. For causality assessment, 
different tools such as the Roussel Uclaf Causality Assessment 
Method (RUCAM) or Maria and Victorino score are available that 
provide a robust initial assessment. However, consensus within the 
community is that “Expert Opinion” is the current gold standard 
[4]. A lack of sensitivity, specificity and an indirect mechanistic 
basis of currently used biomarkers of hepatic injury remains a fac-
tor for the delayed identification of DILI. The potential of novel 
mechanistic biomarkers to improve the prediction of DILI is widely 
acknowledged and significant investment and progress has been 
made in this area [5–7].

2 Methods

The US National Institute of Health (NIH) defined a biomarker 
(for example an oligonucleotide, protein or metabolite) in 2001 
as a characteristic that is objectively measured and evaluated as an 
indicator of normal biological process, a pathogenic process or a 
pharmacological response to a therapeutic intervention [8]. 
Biomarkers can be subdivided according to their intended use 
and function (Table 1). Biomarkers have also been classified by 
the US Food and Drug Administration (FDA) as exploratory, 
probable valid and known valid to aid the qualification process 
(see later) [9].

●● Known valid biomarker—a biomarker that is measured in an 
analytical test system with well-established performance char-
acteristics. A biomarker for which there is widespread agree-
ment in the medical or scientific community about the 
physiological, toxicological, pharmacological, or clinical sig-
nificance of the results

●● Probable valid biomarker—as above but a probable valid bio-
marker may not have reached the status of a known valid bio-
marker because, for example, any one of the following 
reasons:

 – Data elucidating significance may have been generated 
within a single company and may not be publically avail-
able for scientific scrutiny

 – The data, although highly suggestive, may not be conclusive
 – Independent verification of the results may not have 

occurred

2.1 Current 
Biomarkers 
and Methods 
to Assess DILI
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●● Exploratory biomarker—a biomarker that does not match 
either of the above categories

Since the publishing of these criteria, recommendations have 
been set to avoid confusion that the term “validation” should refer 
to the technical characterization and documentation of method-
ological performances, and the term “qualification” refer to the 
evidentiary process of linking a biomarker to a clinical end point or 
biological process [10].

DILI is categorized into hepatocellular (injury predominantly 
to hepatocytes), cholestatic (injury to bile ducts or affecting bile 
flow) or mixed (hepatocellular and cholestatic injury). The R-value 
is the main metric for phenotypic assessment of DILI and is based 
on the measurement of the enzymes alkaline phosphatase (ALP) 
and alanine aminotransferase (ALT) in blood and their ratio to the 
upper limits of normal (ULN). Hepatocellular is classified with an 
R-value ≥5 [ALT/ULN ÷ ALP/ULN], cholestatic with an 
R-value ≤2 and mixed-type injury with an R-value of 2–5.

Currently, blood-based markers such as ALT are often com-
bined with the liver-specific functional assessment of the clearance 
of total bilirubin (TBL) as part of Hy’s law. Hy Zimmerman first 
noted that a patient who presents with jaundice as a result of hepa-
tocellular DILI has at least a 10% chance of developing ALF, 
regardless of which drug has caused the hepatocellular injury [11]. 
Hy’s law is currently the only accepted regulatory model to assess 
significant, acute DILI [12–14]. Staffs at the FDA have developed 
a liver safety data management tool call eDISH (evaluation of 
Drug-Induced Serious Liver Injury) which involves data visualiza-
tion by plotting the peak serum ALT versus the peak serum TBL 

Table 1 
Biomarker classification and relevance to DILI

Biomarker type Definition and relevance to DILI

Screening Early detection of phenotype in general or at 
risk population

Diagnostic Definition of phenotype subtype, stage, grade

Prognostic Definition of likely phenotype course and 
hence appropriate therapeutic approach

Predictive In vitro, in vivo, or patient enrichment to 
maximize benefit from specific therapy

Pharmacological/
toxicological

Demonstrate active therapy concentration at 
site, therapy-target interaction (PD/
TD—Proof of mechanism), phenotypic 
effect (PD/TD—Proof of concept)

Surrogate response Early prediction of ultimate efficacy and safety
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for each subject in a clinical trial [14]. Although eDISH has revo-
lutionized the standardization and transparent means of displaying 
and organizing relevant liver safety data from a clinical trial, it 
remains limited by its reliance on Hy’s law although various modi-
fied eDISH plots have been proposed to take into account the 
temporal relationship of peak values and R value amongst other 
variables [15–17]. In the context of hepatocellular DILI, TBL 
most likely only rises once there has been a substantial loss of func-
tioning hepatocytes, placing the patient in danger of liver failure. 
Therefore, at the individual patient level, serum TBL is not a bio-
marker that predicts severe toxicity potential, but instead a confir-
mation that severe hepatotoxicity has occurred.

Although ALT activity is widely used, it is not without its limi-
tations for the assessment of human DILI. Changes in ALT activity 
are not specific for DILI and can occur in a number of disease 
processes, including viral hepatitis, fatty liver disease, and liver can-
cer [18]. Nor are elevations in the aminotransferases unique to 
liver injury since increases in ALT in circulation can also result 
from myocardial damage, muscle damage or extreme exercise. The 
methods used to quantify ALT activity have not been standardized 
and a robust definition of normal reference ranges have not been 
agreed upon; these ranges inevitably depend upon the population 
group defined as normal and assay measurements will vary between 
laboratories. Although ALT activity is regarded as generally sensi-
tive for detecting liver injury when it occurs, it is not sensitive with 
respect to time/kinetics. Furthermore, ALT activity has often been 
described as having little prognostic value due to the fact that an 
ALT elevation represents probable injury to the liver after it has 
occurred. From the regulatory point of view, elevations in ALT 
activity are also worrisome with respect to establishing liver safety 
during drug treatment. Frequent and relatively large elevations in 
ALT activity are associated with treatments that do not pose a 
 clinical liver safety issue, such as heparins and tacrine [19, 20]. The 
challenge here is to distinguish between benign elevations in ALT 
activity and the potential for a serious DILI outcome. However, 
despite their shortcomings, the combined approach of ALT and 
TBL represent the current standard any novel biomarker must sur-
pass or provide added value.

It has been widely acknowledged that one of the most powerful 
tools to assess the performance of a biomarker is through the 
Receiver Operator Characteristic (ROC) analysis. The concept 
originated based on the analyses of radar signals for detecting 
enemy airplanes during World War II when it was vital to deter-
mine how far a plane was and if in fact the signal detected was a 
plane. Later these concepts have been applied to many medical 
fields for the performance evaluation of a biomarker. The test relies 
on determining the trade-off between sensitivity (the ability of a 

2.2 Statistical 
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biomarker to correctly identify toxicity when it occurs) and speci-
ficity (the ability of a biomarker to correctly identify individuals 
who do not have toxicity). An area under the curve (AUC) can be 
generated by plotting sensitivity against 1-specificity for a range of 
changing thresholds which can be used to directly compare bio-
markers. Although widely used, there are some important consid-
erations which need to be thought through when applied these 
analyses to toxicological research. Care should be taken to consider 
incidence (new finding) or prevalence (present finding) of the 
effect being sought by the test or biomarker. A test that looks pow-
erful for high incidence/prevalence is not always strong when used 
to look for rare events such as idiosyncratic DILI.

Given concerns surrounding the prevalence of the event to 
impact on the performance power of a biomarker, additional met-
rics such as the negative (proportion of subjects with negative test 
that are correctly diagnosed) and positive (precision rate or pro-
portion of positive test results that are true positives) predictive 
value are useful tools to aid interpretation. Therefore, if a bio-
marker is going to be useful in general, you would expect that the 
proportion of times it predicts a subject to reach a predefined pri-
mary end point or gold standard would be similar to the propor-
tion of subjects who actually reach this end point; Moreover the 
proportion of times the biomarker predicts a subject not to have 
the primary end point would be similar to the proportion who 
actually do not have the primary end point.

Over the past decade, investigators have become familiar the 
ROC AUC as it is easy to interpret. An AUC of 1 characterizes 
perfect discrimination between the patients with toxicity and 
those without and therefore all patients are correctly classified by 
that particular biomarker. An AUC of 0.5 demonstrates that the 
 biomarker provides no discrimination between toxicity and not 
and therefore patients are correctly classified no more frequently 
than random chance. One disadvantage with the AUC is that it 
is an insensitive measure of the ability of a new marker to add 
value to a preexisting risk prediction model; it does not provide 
good information on whether adding this biomarker to the other 
relevant diagnostic information will more accurately identify 
individual risk. This is particularly important given that serum 
ALT and total bilirubin are widely used. Two new metrics, the 
integrated discrimination improvement (IDI) and net reclassifi-
cation improvement (NRI), have recently been introduced to 
assess the added value of a candidate biomarker to preexisting 
risk prediction models. In the context of acute kidney injury 
[21], these methodologies have provided significant added value 
to determine the clinical utility of novel biomarkers that have 
undergone preclinical qualification [22, 23]. However, the appli-
cation and utility has still not been investigated within the con-
text of DILI.
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As previously mentioned, the term “qualification” refers to the evi-
dentiary process of linking a biomarker to a clinical end point or 
biological process. However, until recently there has been no sys-
tematic scientific qualification strategy or guidance in place allow-
ing for the accumulation of sufficient clinical and biological 
evidence for the acceptance of a biomarker independent of a spe-
cific drug. Regulatory agencies have now established submission 
procedures for the regulatory review and endorsement of bio-
marker qualification, but have not yet defined the scientific stan-
dards and approaches needed. The first submission of kidney safety 
biomarkers by the Predictive Safety Testing Consortium (PSTC) 
[3] also opened the door to a new framework of fit-for-purpose 
qualification of biomarkers instead of having an absolute “all or 
nothing” qualification. With more data and evidence the limited 
context can be extended. This principle has been referred to as 
“incremental,” “progressive,” or “rolling” qualification. Critical to 
this is the concept of the qualification of a biomarker within a 
defined context of use (COU). The COU is a statement that 
describes the manner and purpose of use for the biomarker in a 
defined situation or within a drug development process. Any sup-
porting data and analysis undertaken during a biomarker qualifica-
tion process and submission to regulators determines the 
appropriateness of the proposed qualified COU.

There have been recently published frameworks by consortia 
and regulators regarding the development of translational safety 
biomarkers and other drug developmental tools [10]. These 
frameworks described the critical interaction and interaction 
between sponsors and regulators to enable the qualification of a 
proposed biomarker within a prospectively defined COU. Broadly, 
the qualification process consists of three stages: (1) initiation, (2) 
consultation and advice stage, and (3) a review stage for the quali-
fication determination. The ultimate goal of the process is to reach 
a consensus about the suitability of the submitted data to support 
qualification within a COU. Importantly, there is room to evolve 
the intended use of the biomarker as scientific advances are made 
or as clinical/drug developmental need changes. If a biomarker is 
qualified for a specific use, the COU may be modified or expanded 
over time.

Given the effort and time required to reach qualification, an 
important advance in the field and critical to the aforementioned 
concept of rolling qualification is the regulatory letter of support 
initiative. A letter of support is issued to a sponsor that briefly 
describes the regulators opinions on the potential value of a bio-
marker and encourages its further evaluation and development. 
The letter does not endorse a specific biomarker but is meant to 
enhance its visibility, encourage data sharing, and stimulate addi-
tional studies to enable the qualification process in a precompeti-
tive collaborative way.

2.3 Qualification 
Considerations
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3 Results

There is a current need for new biomarkers to assess the safety of 
new or existing medicines, especially for DILI. However, the 
development and clinical integration of potential hepatic biomark-
ers over the past 60 years has revealed only a limited number of 
candidates [24]. This concept is perhaps not so surprising given 
the fact that less focus has been placed on the science of drug safety 
and the rigorous guidelines we impose on the validation and bio-
logical qualification of a potential DILI biomarker [3, 10] com-
pared to drug efficacy [12]. Furthermore, the delayed qualification 
and ultimate scientific acceptance of a potential DILI biomarker 
has been hindered by what has been previously thought of as the 
competing interests between the various stakeholders. Safety 
assessment within drug development has traditionally focused on 
reliable clinical–preclinical concordance. Low baseline variability, 
specificity, and rapid analysis are sought after by clinicians and the 
ability to provide enhanced mechanistic understanding about toxi-
cological processes is required by the academic community. Public–
private consortia were developed to meet this goal consisting of 
leading academic groups, large pharmaceutical companies, small- 
medium enterprises, and clinical units of excellence. These 
 consortia include the Predictive Safety Testing Consortium (PSTC) 
(www.c-path.org/pstc.cfm) and the Safer and Faster Evidence- 
based Translation (SAFE-T) consortium (www.imi-safe-t.eu). 
These consortia efforts, coupled with feedback and representation 
from regulatory authorities as external members and advisors, pro-
vide an opportunity for collaborative efforts to aid the identifica-
tion, validation and qualification of novel translation safety 
biomarkers (TSBM) for DILI [10]. Due to the multifactorial 
nature of DILI, it has become clear that through these consortia 
efforts, no “one size fits all” biomarker will suffice. Recent evi-
dence from clinical and preclinical studies have described the devel-
opment of such a panel based approach that includes both 
circulating biomarkers and cell based screening methods to rule in 
or out liver injury, provide early detection of liver injury, enhanced 
mechanistic understanding, prognostic information and defining 
the causative agent. These efforts have recently led to regulatory 
support from both EMA and FDA for the more systematic use and 
further qualification [25, 26]. The further development of these 
markers in well-controlled phase I studies and trials designed to 
test the ability of the biomarker to guide patient care should remain 
the focus of new efforts [16]. In addition to these consortia efforts, 
significant advances have been in terms of developing comprehen-
sive resources for researchers, clinicians and patients that can pro-
vide synergy to understanding the overall problem of DILI. One 
such valuable resource is “LIVERTOX” (www.livertox.nih.gov). 

3.1 Novel DILI 
Biomarkers: Current 
Needs and 
Knowledge Gaps
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LIVERTOX provides up-to-date and accurate information on the 
diagnosis, cause, frequency, patterns, and management of liver 
injury attributable to prescription and nonprescription drugs, 
herbal and dietary supplements. This resource also includes case 
registries that can enable scientific analysis and better characteriza-
tion of the clinical patterns of liver injury that can be used to better 
understand the utility of novel biomarkers.

The key questions surrounding the development of new bio-
markers for the assessment of DILI in humans include:

●● Can new biomarkers sensitively identify DILI when it occurs 
with enhanced specificity?

●● Can new biomarkers distinguish between DILI and back-
ground occurring liver disease (HCV infection, nonalcoholic 
fatty liver disease, etc.)?

●● Are new biomarkers translational between preclinical models 
and humans?

●● Can we use new biomarkers to report clinical mechanisms of 
DILI?

●● Can new biomarkers be used to predict patient prognosis or 
stratify treatment?

●● Do new investigational biomarkers distinguish benign trans-
aminase elevations from serious DILI to build on “Hy’s law”?

●● What are the hurdles that could prevent clinical adoption?

With the exception of APAP (APAP-adducts, APAP metabolite 
ratios [27, 28]), there is no specific, objective, noninvasive test to 
diagnoses DILI or aid its treatment [29–31]. Therefore, there has 
been a considerable effort to identify and develop new biomarkers 
that can inform the mechanistic basis of DILI and provide poten-
tial measures for patient management. Below are insights and 
opinions as to the utility of currently proposed translational safety 
biomarkers (TSBMs). Table 2 contains a summary of current novel 
DILI biomarkers and their utility based on existing preclinical and 
clinical evidence.

Unfortunately the expression of ALT is not exclusive to the liver. 
Therefore, elevations in ALT activity in circulation can also result 
from myocardial damage, muscle damage, or extreme exercise. 
Therefore, DILI biomarkers with improved hepatic specificity are 
required to complement and support current tests. MicroRNAs 
(miRNAs) are small noncoding RNAs approximately 22–25 nucle-
otides in length which predominantly serve to negatively regulate 
posttranscriptional gene expression. Circulating microRNAs are 
stable and provide disease state biomarkers spanning diverse thera-
peutic areas and have been associated with a wide range of tissue- 
specific toxicities [32]. Some microRNA species show a high 

3.2 DILI Biomarkers 
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degree of organ specificity and cross-species conservation which 
makes them attractive candidates as translational safety biomarkers 
[33]. MicroRNA-122 (miR-122) represents 75% of the total 
hepatic miRNA content and exhibits exclusive hepatic expression. 
miR-122 has been shown to be a serum biomarker of APAP- 
induced ALI in mice, which was more sensitive with respect to 
dose and time than ALT [34]. The improved tissue specificity of 
miR-122 versus ALT is supported by the observation that clinical 
ALT elevations associated with muscle injury are not accompanied 
by concomitant elevations in miR-122 [35]. MiR-122 has also 
been previously shown to serve as a clinical indicator of heparin- 
induced hepatocellular necrosis [20]. Moreover, as observed in 
mice, miR-122 is elevated in blood following APAP overdose in 
man and correlates strongly with ALT activity in patients with 
established acute liver injury. Furthermore miR-122 has been 
shown to represent a more sensitive biomarker of APAP hepato-
toxicity in humans compared to currently used clinical chemistry 
parameters [36, 37]. In these investigations, elevated miR-122 was 
observed in patients that present to hospital with normal liver 
function test values within the normal range but then later develop 
acute liver injury compared to those that did not develop acute 
liver injury following APAP overdose [38]. Furthermore, healthy 
volunteer studies have also demonstrated that miR-122 elevation is 
associated with individuals that develop liver injury despite only 
taking the therapeutic APAP dose and that miR-122 rises 24 h 
before ALT activity [39, 40]. Interestingly, these data are also sup-
ported by a recently published case report highlighting that life 
threating hepatotoxicity following APAP overdose could have 
potentially been avoided if these biomarkers had been measured 
[37]. These data demonstrate, for the first time in humans, that 
miR-122 is a more sensitive biomarker of DILI in a temporal sense 
compared to currently used indicators and can be used to aid treat-
ment stratification and identify risk.

The release of miRNAs into the extracellular space and circula-
tion has been extensively investigated and thought to serve physi-
ological processes (such as cell-to-cell communication) or indicate 
liver injury/inflammation [41]. miRNAs circulate in blood either 
in a protein-bound form (associated with Ago2 or lipoproteins) or 
encapsulated in extracellular vesicles (EVs) [41]. Three types of 
EVs have been found in peripheral circulation: exosomes (50–
100 nm in diameter), microparticles (100–1000 nm), and larger 
apoptotic bodies; all of which are thought to carry miRNA species 
and it may be that these varying compartments are representative 
of different mechanisms or time points of injury [41]. The transla-
tional value of miR-122 as a sensitive circulating biomarker has 
also been demonstrated in an APAP overdose model in zebrafish 
[42]. This represents an important observation for translational 
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research and data interpretation given the increasing utility of this 
organism for earlier drug development studies. Despite, the advan-
tages of miR-122, future efforts should be coordinated to develop 
cross laboratory validated methods for miRNA isolation and quan-
tification as well as developing a consensus on normalization stan-
dards [43].

Currently used clinical chemistry parameters offer little sensitivity 
and specificity with respect to patient prognosis. High Mobility 
Group Box-1 (HMGB1) is a chromatin binding protein which is 
passively released by cells undergoing necrosis were it acts as a 
damage associated molecular pattern (DAMP) molecule by linking 
cell death to the activation of an immune response by targeting 
Toll-like receptors and the receptor for advanced glycation end 
products (RAGE) [44–46]. HMGB1 has activity at the intersec-
tion between infectious and sterile inflammation. It is also actively 
secreted as a cytokine by innate immune cells in a hyper-acetylated 
form [47, 48] and its biological function is highly dependent upon, 
and regulated by, post-translational redox modifications of three 
key cysteine residues [49, 50]. Furthermore, a recently defined 
nomenclature has been developed to identify these functionally 
relevant isoforms [51]. Acetylation of lysine residues is also impor-
tant for the active release of HMGB1 from immune cells and for 
release in cell death mechanisms such as pyroptosis [47, 48, 52, 
53]. HMGB1 is an informative and early serum indicator of cell 
death processes in preclinical models of APAP poisoning [54, 55] 
and in the clinic [36, 37]. Circulating levels of total and acetylated 
HMGB1 displayed different temporal profiles, which in mouse 
models of APAP toxicity correlate with the onset of necrosis and 
inflammation, respectively [54]. Serum levels of total HMGB1 
correlate strongly with ALT activity and prothrombin time in 
patients with established acute liver injury following APAP over-
dose [56]. The prognostic utility of acetylated HMGB1 has also 
been demonstrated in clinical DILI. In patients with established 
acute liver injury following APAP overdose, elevations in acety-
lated HMGB1 associate with a poor prognosis and outcome [56]. 
As well as being an important biomarker of APAP toxicity, condi-
tional knock out animals for HMGB1 and novel therapeutic tar-
geting of this signaling pathways have demonstrated its importance 
in the pathogenesis of the disease [57, 58]. Furthermore, HMGB1 
has been demonstrated to be a mechanistic player and biomarker in 
alcoholic liver disease [59], hepatic fibrosis [60] and preclinical and 
clinical cholestasis [61]. The specific targeting of key DAMP medi-
ators to prevent exacerbation of experimental DILI (such as 
HMGB1), with antibodies and inhibitory peptides, has proven 
efficacious in vivo and may lead to potential therapeutic candidates 
for DILI for further development [55, 58, 62].

3.3 DILI Biomarkers 
with Improved 
Prognostic Utility
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Recently, the quantification of acetylated HMGB1 during 
APAP overdose in parallel with colony stimulating factor-1 (CSF- 1) 
has been shown to offer increased prediction of patient prognosis 
[63]. Hepatic macrophages are necessary for effective hepatocyte 
proliferation and for the clearing of gut-derived pathogenic mate-
rial from the portal system. Maintenance of hepatic macrophages 
is controlled by macrophage CSF-1 and hepatic regeneration fol-
lowing partial hepatectomy and drug toxicity is stunted in 
CSF-1 deficient mice and similarly direct depletion of macro-
phages also impairs regeneration. Increased circulating CSF-1 
has been proposed as a biomarker of hepatic regeneration and 
improved outcome in patients following APAP overdose and 
partial hepatectomy [63].

The assessment of secondary renal injury is a major determi-
nant of poor prognosis in patients with acute liver failure. Kidney 
Injury Molecule-1 (KIM-1) is a transmembrane glycoprotein that 
confers phagocytic activity on the proximal tubule cells of the kid-
ney. During acute kidney injury (AKI), KIM-1 is rapidly upregu-
lated and its ectodomain is shed into urine and blood and has been 
shown to be a sensitive and specific biomarker of acute kidney 
injury. Furthermore, KIM-1 has been formally qualified by regula-
tory authorities for its use to monitor acute renal injury in the 
preclinical setting [23]. In patients with APAP overdose, second-
ary injury to the kidney and specifically the proximal tubule epithe-
lia is a major determinate for mortality. Indeed, biomarkers such as 
serum creatinine are often incorporated into prognostic algorithms 
such as the King’s College Criteria (KCC) [64]. However, serum 
creatinine is delayed in its onset of increase and data from animal 
models and humans has repeatedly demonstrated the ability of 
KIM-1 to elevate earlier after acute kidney injury [65, 66]. In 
patients with established APAP-induced ALI circulating KIM-1 
has been recently demonstrated to be elevated in patients that sub-
sequently died or required a liver transplant compared to sponta-
neous survivors [67]. The fold change in KIM-1 in this worse 
prognostic group was higher than creatinine and it also outper-
formed creatinine in a ROC analysis. Furthermore, circulating 
KIM-1 was an independent predictor of outcome in a logistic 
regression model that took into account established markers [67].

Fatty acid-binding proteins (FABPs) are small cytoplasmic pro-
teins with the primary function of transporting intracellular long-
chain fatty acids. They are highly expressed in tissue with active fatty 
acid metabolism such as the liver. Their expression can be induced 
in conditions such as ischemia/inflammation. Circulating levels of 
liver FABP (FABP1) have been found to be elevated following 
hepatocyte injury induced by a range of insults [68]. However, 
recent reports have described the utility of serum FABP1 as a prog-
nostic biomarker during acute liver failure induced by acetamino-
phen. This recent nested case-control study elegantly demonstrated 
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that elevated serum FABP1 was associated with significantly higher 
risk of death when measured at early time points. Moreover, the 
authors demonstrated that when adjusting for other significant 
covariates, serum FABP1 is associated with 21-day mortality and 
improves current prognostic models such as KCC [69].

Given the multistep and multicellular process of DILI, panels of 
biomarkers that have potential to provide insights into the under-
lying mechanistic basis of DILI are increasingly being recognized 
as fundamental to efforts in translational research and patient treat-
ment stratification. The understanding of cell death mode dynam-
ics is important from a pathogenic point of view given that the 
activation of the innate immune response can vary greatly depend-
ing on which mode of cell death is triggered and when. The major-
ity of experimental data to date on human DILI mechanistic 
biomarkers has been obtained from studies of APAP overdose 
rather than idiosyncratic DILI so these observations have to be 
considered in this light.

Keratin-18 (K18) is a type I intermediate filament protein 
expressed in epithelial cells and is responsible for cell structure and 
integrity [70]. Caspase-mediated cleavage of K18 is an early event 
in cellular structural rearrangement during apoptosis [71]. Caspases 
3, 7, and 9 have been implicated in the cleavage of K18 at the 
C-terminal DALD/S motif. Full-length K18 is released passively 
during necrotic cell death whereas fragmented K18 is released with 
apoptosis [72]. The use of immunoassays directed toward the rec-
ognition of caspase-cleaved K18 (apoptosis) and full length K18 
(necrosis) have been reported clinically as biomarkers for the thera-
peutic drug monitoring of chemotherapeutic agents and for the 
quantification of apoptosis during liver disorders such as nonalco-
holic steatohepatitis (NASH) and hepatitis C infection [73, 74] 
and mutations in K18 predispose toward acute liver failure and 
hepatotoxicity [75, 76]. Circulating necrosis K18 and apoptosis 
K18 have been shown to represent indicators of hepatic necrotic 
and apoptotic events in a mouse model of APAP induced liver 
injury [54], hypoxic hepatitis [77] and during heparin-induced 
hepatocellular injury in man [20]. The prognostic utility of K18 
has also been demonstrated in clinical DILI and acute liver injury 
[56, 78]. In patients with established acute liver injury following 
APAP overdose, elevations in absolute levels of necrosis K18 asso-
ciate with a poor prognosis (KCC) and outcome and a total per-
centage of K18 attributed to apoptosis as associates with improved 
survival [56]. Interestingly, in the first blood sample taken at the 
point of admission following APAP overdose, when currently used 
markers of liver injury remained within the normal range and prior 
to antidote treatment, K18 (and also miR-122 and HMGB1) were 
significantly elevated in the group of patients that subsequently 
went on to develop liver injury, even in patients that presented less 

3.4 Potential DILI 
Biomarkers That 
Enhance Mechanistic 
Understanding
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than 8 h post overdose [36]. Recent evidence also suggests that the 
modeling of the ratio between full length and caspase cleaved K18 
may provide an important tool to aid risk prediction of liver safety 
signals during clinical trials [79].

The pathogenesis of DILI has been closely associated with 
mitochondrial dysfunction. Therefore a translational biomarker(s) 
of mitochondrial dysfunction to add to the currently battery of 
tests appears logical. Glutamate dehydrogenase (GLDH) is an 
enzyme present in matrix-rich mitochondria (liver) and not in 
cristae- rich mitochondria (cardiac and skeletal muscle). It is impor-
tant to note that while GLDH is also expressed in the brain and in 
kidney, its release from these tissues enters the cerebrospinal fluid 
and tubular lumen, respectively, rather than the blood [80, 81]. 
GLDH is a key enzyme in amino acid oxidation and urea produc-
tion that is highly conserved across species, making it an attractive 
biomarker candidate [82]. It is considered relatively liver-specific 
and provides an indicator of leakage of mitochondrial contents 
into the circulation [24]. GLDH localization within the liver is 
regional, with higher concentrations present in the centrilobular 
area, the region of metabolic activation and site of tissue damage 
during APAP toxicity. GLDH use as a DILI biomarker is well doc-
umented and appears more sensitive and indicative of DILI than 
other cytosolic enzymes [83]. A recent study in rats subjected to 
multiple liver injury modalities indicated that GLDH increases 
were up to tenfold greater and threefold more persistent than ALT 
elevations [84]. As GLDH is localized to the mitochondrial matrix 
and due to its relative large size (330 kDa), release of GLDH into 
the circulation is delayed during hepatocellular necrosis when 
compared to cytosolic enzymes like the aminotransferases. This 
property may contribute to increased specificity of GLDH to indi-
cate hepatocellular necrosis. In acute liver injury GLDH is elevated 
in blood in both preclinical models and clinical cases of DILI and 
liver impairment [36, 83, 85, 86], highlighting its potential as a 
translational biomarker. Circulating GLDH has been shown to rise 
in healthy volunteers treated with heparins and cholestyramine, 
treatments that are not associated with clinically important liver 
injury [20, 87] and specific recommendations have been made 
when drawing conclusions on data regarding sample type and 
specimen preparation [88]. Measurement of GLDH alone may or 
may not be useful in distinguishing benign elevations in ALT from 
those that portent severe DILI potential.

Due to the fact that most of enzymes used to investigate mito-
chondrial dysfunction track changes in ALT activity [85], a prom-
ising approach to the identification of biomarkers of injury that are 
useful at earlier time points may involve metabolomics. In general, 
metabolic intermediates are much smaller than proteins and more 
likely to cross cell membranes and enter blood before the develop-
ment of injury. In 2009, Chen et al. [89] measured increased levels 
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of acylcarnitines in serum from APAP-treated mice. Acylcarnitines 
are derivatives of long-chain fatty acids which are required for 
transport of these fatty acids into mitochondria for β-oxidation. 
First, a coenzyme A (CoA) group is attached in a reaction cata-
lyzed by acyl-CoA synthetase. The CoA group is then displaced by 
carnitine through the action of carnitine palmitoyl transferase I 
(CPT I), forming an acylcarnitine that can enter the mitochondrial 
matrix through facilitated diffusion with the help of a carnitine- 
acylcarnitine translocase (CACT). Because acylcarnitines are bro-
ken down within mitochondria by carnitine palmitoyl transferase II 
(CPT II) and beta-oxidation, mitochondrial dysfunction may 
result in their accumulation. It was been shown that these fatty 
acid–carnitine conjugates rise in the serum of mice treated with 
APAP (mitochondrial dependent hepatocyte death) but not with 
mice treated with furosemide (which has been shown to cause liver 
injury without primarily affecting mitochondrial function) [90]. 
Therefore, circulating acylcarnitines have potential as specific bio-
markers of mitochondrial dysfunction. It is important to note that 
acylcarnitines have been shown to not be elevated in patients with 
APAP overdose [90]. This is most likely due in part to the standard- 
of- care treatment N-acetylcysteine (NAC). However, it might be 
useful to measure acylcarnitines in other forms of liver injury or 
APAP patients that present to the “hospital front door” prior to 
the treatment with NAC [36, 37, 91].

4 Conclusions and Future Developments

The lack of qualified mechanistic biomarkers has resulted in a sig-
nificant challenge with regard to defining the true extent and diag-
nosis of DILI in humans [92]. The development and qualification 
of sensitive and specific hepatic biomarkers that hold translation 
between preclinical and clinical studies is urgently required to 
accelerate the pace of drug development. Improved DILI bio-
markers may additionally enable patient and/or DILI specific 
treatment stratification for marketed therapeutics. Moreover, the 
potential for novel biomarkers to provide enhanced understanding 
of the fundamental mechanisms that result in clinical DILI is 
becoming increasingly recognized. Critical to the development of 
any novel biomarker is to frame its qualification and understand its 
utility within a defined context of use. Moreover, to maximize the 
utility of any DILI biomarker and to interpret data correctly, it is 
imperative for the end users to have a comprehensive understand-
ing of whether a biomarker is fit for purpose before undertaking 
translational or clinical studies.

Significant recent progress has been made and clinical utility 
has been shown regarding “mechanism-based” biomarkers such as 
acylcarnitines, HMGB1, K18, GLDH and highly liver specific 
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markers such as miR-122 that can be used alongside currently used 
clinical tests rather than be used to replace them with their added 
valued determined by new statistical analyses such as IRI and NRI 
[93]. These biomarkers have been shown to be translational, can 
report DILI sensitively when it occurs, shed light on mechanistic 
aspects of clinical DILI and can predict patient prognosis (such as 
acetylated HMGB1, CSF-1, FABP1 and KIM-1). However, the 
vast majority of clinical data to date has been obtained from studies 
of APAP-induced liver injury and has not been assessed in rare 
cases of idiosyncratic DILI. Moreover, a clear knowledge gap still 
exists regarding the identification and development of biomarkers 
that differentiate between serious DILI, transient increases in ALT 
activity and that reflect hepatic regenerative processes, although 
promising results have been obtained for CSF-1.

Since it is thought that full understanding and appreciation of 
the potential value of these biomarkers will only be seen following 
the measurement of thousands of samples; clinical trials are one 
important way of carrying out this collection [94] and recent pro-
active studies are start to gain traction [79]. Moreover, important 
lessons can be learnt from the recently successful qualification of 
biomarkers for renal injury.

The qualification of new DILI biomarkers will require adop-
tion of standardized liver safety databases, standardized protocols 
for biospecimen collection and storage and the initiation of large 
prospective clinical trials, involving diverse disease populations and 
treatment with many different drugs. This should now become a 
high priority within the pharmaceutical industry. It is important 
that pharmaceutical companies start now to archive samples and 
link these specimens to the relevant liver safety data. Ideally, liver 
safety data management tools should be standardized across the 
industry to facilitate the precompetitive collaborations on bio-
marker validation and qualification, such as eDISH [14]. Of addi-
tional importance is the agreement for sponsors to apply novel 
DILI biomarkers voluntary in clinical trials without penalty. 
Clinical trials have the unique advantage of allowing prospective 
data selection by enrolling a diverse population of healthy volun-
teers and patients expected to have DILI in the future and through 
the inclusion of drugs that are both safe and not safe toward the 
liver. This resource will prove extremely valuable as researchers are 
thus able to get a sense of the whole picture—before, during and 
after injury occurs [17].

The utility of clinical trials to assess biomarker performance is 
not without problems and one that the traditional drug develop-
ment paradigm is not suited to [95]. Therefore, a recently proposed 
workflow has been discussed in the context of cancer biomarkers, 
constituting of phase I (assay assessment in healthy and nonhealthy 
scenarios as well as determining healthy reference intervals), phase 
II (retrospective analysis of biomarkers within clinical samples to 
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direct clinical utility), and phase III confirmatory phase (qualifying 
the biomarker through large, prospective, multicenter RCT trials). 
This workflow can be easily applicable to the development of DILI 
biomarkers. However, these current trials do not get to the heart of 
the question and test the hypothesis that the new biomarker pro-
vides real added value and helps with clinical decision-making. 
Recently reviews have provided suggestions to encourage the devel-
opment of novel trial designs to aid biomarker-guided decision 
making for drug safety sciences.

The recently published literature suggests that existing bio-
markers for DILI appear ready for safety trials to test the rigor of 
novel biomarkers. Even marginally effective biomarkers can have 
dramatically positive impacts on therapeutic trials based on enrich-
ment for events and narrowing in on cases where an intervention 
will work based on a comprehensive understanding of risk–benefit 
ratio for drugs. New DILI biomarkers also provide insights into 
mechanisms of pathophysiology that should not be ignored given 
that we have no specific therapies for DILI and that we currently 
rely on imperfect “gold standards” to qualify the biomarker. The 
further development of these markers in well-controlled phase I 
studies and trials designed to test the ability of the biomarker to 
guide patient care should remain the focus of new efforts [5, 6]. A 
crucial roadblock is the development of clinical grade assays capa-
ble of delivering a result within an appropriate time frame. In the 
example of suspected APAP toxicity, the time from taking blood to 
result should be no longer than around 1 h. In early phase clinical 
trials the maximum time to result could be longer, but current 
ELISA and PCR based analysis is still unsuitable. Total HMGB1, 
FABP1, CSF1 and K18 are circulating proteins that should be 
amenable to point-of-care assay development with existing plat-
forms. By contrast, miR-122 rapid and accurate point-of-care 
detection will require advances on the current technology level. 
Such technologies are in development, with some showing  promise 
in this field and having potential for use beyond the measurement 
of only one microRNA species. Measurement of DILI biomarkers 
out with the hospital or clinical research facility may be desirable in 
certain scenarios, such as home monitoring for patients taking 
drugs with a high DILI liability or in the developing world where 
antimicrobials cause significant morbidity due to DILI. Assay 
developers could draw on the success with regard to low cost, fin-
ger prick, point-of-care ALT measurement [96].

It is clear that significant progress has been made regarding the 
identification and development of DILI biomarkers. However, 
there is still significant research to be carried out. DILI is a com-
plex multicellular and multimechanism disease; therefore it is logi-
cal that a battery of complimentary biomarkers (both genetic and 
circulating) that reflect specific cellular processes and predisposi-
tion to DILI are required. If the further development of these 
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candidate markers leads to full qualification, the focus of updated 
regulatory guidance should therefore account for the measure-
ment of such tests. Advances in software, databases and data visu-
alization approaches such as DILIsym®, LiverTox (www.livertox.
nih.gov) and eDISH (evaluation of drug-induced serious hepato-
toxicity) have added significantly in recent years to the understand-
ing of serious drug-induced liver injury. The application of data 
sets applying these novel biomarkers will no doubt further realize 
the promise of these novel and potentially transformative 
biomarkers.
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Chapter 27

Causality Assessment Methods in Drug-Induced  
Liver Injury

Rolf Teschke and Gaby Danan

Abstract

A robust causality assessment method (CAM) is not only indispensable for the diagnosis of suspected 
drug-induced liver injury (DILI) and herb-induced liver injury (HILI) but is also critical for the investiga-
tion of the clinical features, risk factors, and incidence in pharmacological or epidemiological studies. 
RUCAM (Roussel Uclaf Causality Assessment Method) is the most widely used CAM in suspected DILI 
and HILI cases worldwide, as evidenced by its application in a large number of case reports and case series 
since RUCAM was first published in 1993. It offers a structured, standardized diagnostic approach specific 
to liver injury by attributing scores to individual key items that provide final quantitative gradings of cau-
sality. In many countries and for more than two decades, physicians, regulatory agencies, case report 
authors, and pharmaceutical companies have successfully applied this well-validated CAM. The RUCAM 
update in 2016 clarified a few complicated items such as alcohol use and exclusion of nondrug causes. The 
intention of this approach was to provide accurately defined and objective core elements to simplify item 
handling, and therefore reduce interobserver and intraobserver variability. In conclusion, RUCAM should 
be recommended as the preferred CAM for suspected DILI and HILI cases.

Key words Drug-induced liver injury, DILI, Roussel Uclaf Causality Assessment, RUCAM, Causality 
assessment methods

1 Introduction

Idiosyncratic drug-induced liver injury (DILI)  is a multifaceted 
disease that continuously attracts the interest of clinicians, scientists, 
regulatory agencies, and pharmaceutical companies, as evidenced 
by the wealth of publications summarized recently [1]. Indeed, 
research in the diagnosis and mechanisms of liver injury by drugs 
[1–10], herbs [11–14], and dietary supplements [15–17] is encour-
aged. All suspected adverse reactions require a robust causality 
assessment method (CAM) in order to help establish the diagnosis 
and describe key clinical features, risk factors, and incidence.

Idiosyncratic DILI is considered as a rare event with an esti-
mated incidence rate in the general population of 13.9 cases per 
100,000 inhabitants-years in France [18] and 19.1 cases per 100,000 
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inhabitants-years in Iceland [19]. These rates differ considerably 
from the reported incidence rate of 2.4 cases per 100,000 individu-
als registered in the UK-based Medical Research Practice Database; 
however, the UK data was not calculated in per inhabitants-years 
[20]. Incidence variability may be due to different criteria for defin-
ing a case and product use, as some studies include cases of intrinsic 
DILI from acetaminophen overdose and others also considered 
cases of herb-induced liver injury (HILI) caused by herbal prepara-
tions or dietary supplements. A robust liver specific CAM such as 
RUCAM (Roussel Uclaf Causality Assessment Method), with a 
transparent scoring system [21] for individual key elements to estab-
lish causality was used in one study [19] but not in two other pub-
lished studies [18, 20]. The reported data should be considered 
tentative, since underestimation or overreporting may have occurred 
and confounded the results due to the absence of causality assess-
ment or failure to carefully consider all alternative causes. Similar 
flaws have been observed in a series of DILI cases [8, 22, 23].

Describing and defining characteristic features of idiosyn-
cratic DILI is a particular challenge due to the small incidence 
rate or insufficient causality assessment of individual cases. 
Because individual liver centers have access to only a small num-
ber of clinical DILI cases, several DILI registries were established 
across several countries including USA [7], Spain [24], Serbia 
[25, 26], Sweden, Iceland [19, 27], and Latin America [10]. 
With the USA as the single exception [7], all other DILI regis-
tries [10, 19, 25–27] aim at studying specific clinical features of 
DILI cases by using robust CAMs such as RUCAM [6, 21, 28]. 
Presently, even published cases of DILI characteristics may have 
to be questioned in the absence of a structured, quantitative, and 
transparent causality analysis.

The present review analyzes various CAMs regarding their suit-
ability to establish a valid causality in idiosyncratic DILI. RUCAM 
will be discussed in detail and compared with other CAM approaches 
in order to highlight their clinical and regulatory advantages and 
shortcomings.

2 Data Searches and Sources

To identify relevant publications, we searched the PubMed data-
base using the following terms: DILI combined with causality 
assessment method, which provided around 31,000 hits; DILI 
combined with expert opinion causality assessment method, 
16,000 hits; RUCAM, 48,000 hits; and DILI combined with 
RUCAM, 13,300 hits. From each searched segment, we analyzed 
the publications of the first 100 hits.

Additional publications were retrieved on 24 December, 2016 
from a large, private scientific archive that contains original full-length 
publications on DILI including causality assessment method. Prior to 
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the final analysis, the publications were assessed regarding their clini-
cal quality and data completeness. The final compilation consisted of 
original papers, case series, case reports, consensus reports, and review 
articles. The most relevant reports were included in the reference list 
of this review.

3 DILI Case Definition

DILI commonly refers to idiosyncratic DILI, which is different from 
intrinsic DILI based on several characteristics (Fig. 1). Specifically, 
idiosyncratic DILI is typically caused by drugs at therapeutic dosages 
in a few exposed patients through idiosyncratic, unpredictable drug 
reactions. In contrast, intrinsic DILI is a predictable reaction related 
to overdosed drugs, such as acetaminophen [29]. Idiosyncratic and 
intrinsic DILI share the risk of acute liver failure (ALF) with high 
mortality rate or need for liver transplantation. According to an 
Acute Liver Failure (ALF) registry in the USA (http://www.fda.
gov/Drugs/ScienceResearch/ResearchAreas/ucm071471.htm, 
accessed 14 December 2016), almost half of ALF cases caused by 

3.1 Idiosyncratic 
Versus Intrinsic DILI

Idiosyncratic DILI

Unpredictability

Dose independency

Long and variable latency period

Variable liver pathology

Low incidence in humans

Lack of experimental reproducibility

Intrinsic DILI

Predictability

Clear dose dependency

Short and consistent latency period

Distinctive liver pathology

High incidence in humans 

Experimental reproducibility

↓

Types of idiosyncratic DILI

- Metabolic type Duration of exposure: 1 week to 12 months
Rarely also some weak dose dependency 
Lack of hypersensitivity features
Delayed response to reexposure (weeks)

- Immunologic type                 Duration of exposure: 1-5 weeks
Hypersensitivity features
Prompt response to reexposure with
1 or 2 doses

Fig. 1 Idiosyncratic DILI versus intrinsic DILI. Adapted from previous reports [6, 21]. DILI drug-induced liver injury
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drugs are intrinsic DILI by intentional and unintentional overdose 
of acetaminophen as compared to idiosyncratic DILI caused by a 
variety of drugs. However, the causality attribution to idiosyncratic 
DILI(s) is often identified without a transparent approach and quan-
titative scoring system [30, 31] such as RUCAM (Table 1) [21].

RUCAM was the first CAM that clearly defined criteria of liver 
injury by using liver test (LT) thresholds [6] based on multiples 
of LT ULN (upper limit of normal) as a diagnostic criterion 
(Fig. 2) [6, 21], thereby eliminating cases with trivial increases in 
liver enzymes lacking clinical relevance. In addition, RUCAM 
was the first CAM to recognize the importance of various types 
of suspected DILI [6, 21]. Based on the analysis of clinical feature 

3.2 Liver Injury 
with Liver Test 
Thresholds and Liver 
Injury Pattern

Table 1 
Scores for individual RUCAM items for hepatocellular injury and cholestatic or mixed liver injury

Data elements assessed in RUCAM
Scores of RUCAM for 
hepatocellular injury

Scores of RUCAM for 
cholestatic or mixed 
liver injury

• Time frame of latency period From +1 to +2 From +1 to +2

• Time frame of dechallenge From −2 to +3 From 0 to +2

• Recurrent ALT increase −2 –

• Recurrent ALP increase – 0

• Risk factors 0 or +1 0 or +1

• Individual comedication From −3 to 0 From −3 to 0

• Search for individual alternative causes From −3 to +2 From −3 to +2

• Verified exclusion of alternative causes Requires individual scoring

• Markers of HAV, HBV, HCV, HEV

• Markers of CMV, EBV, HSV, VZV

• Evaluation of cardiac hepatopathy

• Liver and biliary tract imaging

• Doppler sonography of liver vessels

• Prior known hepatotoxicity From 0 to +2 From 0 to +2

• Unintentional reexposure From −2 to +3 From −2 to +3

Data above are condensed for a quick overview and adapted from a previous report [6]. Details of each criterion and 
score are given in the RUCAM worksheet, which in its original, not condensed form is to be used for causality assess-
ment [6]
ALT alanine aminotransferase, ALP alkaline phosphatase, CMV cytomegalovirus, EBV Epstein Barr virus, HAV 
Hepatitis A virus, HBV Hepatitis B virus, HCV Hepatitis C virus, HEV Hepatitis E virus, HSV Herpes simplex virus, 
RUCAM Roussel Uclaf Causality Assessment Method, VZV Varicella zoster virus
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variability in DILI cases, three types of liver injury pattern are 
recognized: hepatocellular, cholestatic, and mixed liver injury 
(Fig. 2, Table 1) [6, 21]. For RUCAM causality assessment, only 
two of the three injury types are considered, i.e., hepatocellular 
injury and cholestatic/mixed liver injury (Fig. 2, Table 1) [6, 
21]. Specific and individual scores had to be defined for each liver 
injury type as each shows different clinical features and courses, 
especially in regard to challenge, dechallenge, and rechallenge 
characteristics and patient demographics (e.g., age) [32].

↓

At first presentation, simultaneous measurement of serum ALT and ALP activities

↓

Calculation of the ratio (R):ALT/ALP 
ALT and ALP are expressedas multiples of ULN**

↓ ↓ ↓

R ≥ 5 R ≤ 2 2 < R < 5

↓ ↓ ↓
Hepatocellular injury Cholestatic liver injury Mixed liver injury

↓ ↓ ↓
Causality assessment 

using RUCAM for    
hepatocellular injury 

Causality assessment 
using RUCAM for 

cholestatic or mixed liver injury 

Suspected DILI 
with ALT > 5N and/ or ALP*> 2N

each enzyme expressed as a multiple of 
the upper limit of the normal range (N)

Fig. 2 Classification of liver injury required for causality assessment. *If ALT is within normal range, ensure that 
ALP is of hepatic origin: increase in GGT or 5′ nucleosidase. **By convention if ALT or ALP <ULN (Upper limit of 
normal), then the number to retain is 1. RUCAM allows for causality of the types of liver injury that differ on few 
items and scores (Table 2). ALP alkaline phosphatase, ALT alanine aminotransferase, DILI drug-induced liver 
injury, RUCAM Roussel Uclaf Causality Assessment Method
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4 Principles of DILI Causality Assessment Methods

Due to the absence of valid diagnostic biomarkers, a two-step 
approach is commonly employed in CAMs for assessing causality 
of suspected DILI cases: assessing chronological criteria and 
excluding alternative causes. Apart from RUCAM (Table 2), sev-
eral other methods have been published (Table 2) [33–37]: the 
Maria and Victorino scale (derived from RUCAM) [33]; the TTK 
scale, named after the first three authors Takikawa, Takamori, and 
Kumagi [34]; the DILIN method developed by the US Drug-
Induced Liver Injury Network (DILIN) [7]; the unspecified expert 
opinion based method [35]; the Naranjo scale [36]; and the WHO 

Table 2 
Core elements of RUCAM as compared to other causality assessment methods

Clearly defined core elements RUCAM MV TKK DILIN Expert opinion Naranjo WHO

Individually scored items

• Time frame of latency period
  Scored item

+
+

+
+

?
0

?
0

0
0

0
0

0
0

• Time frame of dechallenge
  Scored item

+
+

+
+

?
0

?
0

0
0

0
0

0
0

• Recurrent ALT or ALP increase
  Scored item

+
+

0
0

0
0

?
0

0
0

0
0

0
0

• Risk factors
  Scored items

+
+

0
0

0
0

?
0

0
0

0
0

0
0

• All comedications
  Scored items

+
+

0
0

0
0

?
0

0
0

+
+

0
0

• Individual comedication
  Scored item

+
+

0
0

0
0

?
0

0
0

0
0

0
0

• Exclusion of alternative causes
  Scored items

+
+

+
+

0
0

?
0

0
0

0
0

0
0

• Markers of HAV, HBV, HCV, HEV
  Scored items

+
+

0
0

0
0

?
0

0
0

0
0

0
0

• Markers of CMV, EBV, HSV, VZV
  Scored items

+
+

0
0

0
0

?
0

0
0

0
0

0
0

• Cardiac hepatopathy
  Scored item

+
+

+
?

0
0

?
0

0
0

0
0

0
0

• Liver and biliary tract imaging
  Scored item

+
+

+
?

0
0

?
0

0
0

0
0

0
0

(continued)
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Table 2
(continued)

Clearly defined core elements RUCAM MV TKK DILIN Expert opinion Naranjo WHO

•Doppler sonography of liver vessels
  Scored item

+
+

0
0

0
0

?
0

0
0

0
0

0
0

• Prior known hepatotoxicity of drug
  Scored item

+
+

+
+

0
0

?
0

0
0

+
+

0
0

• Unintentional reexposure
  Scored item

+
+

+
+

0
0

?
0

0
0

+
+

0
0

• Laboratory hepatotoxicity criteria + + 0 + 0 0 0

• Laboratory hepatotoxicity pattern + + + ? 0 0 0

• Hepatotoxicity specific method + + + + 0 0 0

• Structured, liver related method + + + 0 0 0 0

• Quantitative, liver related method + + + 0 0 0 0

• Validated method (gold standard) + 0 0 0 0 0 0

Listing compilation of core elements of RUCAM and other CAMs, which are adapted from a previous report containing 
additional details [6]. The table includes RUCAM [6], the MV scale from the report of Maria and Victorino [33], the 
TKK scale named after the first three authors Takikawa, Takamori, Kumagi et al. [34], the DILIN method of the Drug-
Induced Liver Injury Network [7], the unspecified expert opinion based method or ad-hoc approach as outlined by 
Kaplowitz [35], the Naranjo scale based on the report of Naranjo et al. [36], and the WHO method from the WHO 
database [37]. The symbol “+” shows that this specific item is published, and the symbol “0” indicates that the item 
lacks publication, and the symbol “?” refers to uncertain documentation
ALT alanine aminotransferase, ALP alkaline phosphatase, CMV cytomegalovirus, EBV Epstein Barr virus, HAV 
Hepatitis A virus, HBV Hepatitis B virus, HCV Hepatitis C virus, HEV Hepatitis E virus, HSV Herpes simplex virus, 
VZV Varicella zoster virus

method [37]. For most methods [33–37], shortcomings have 
been found [6, 25, 29, 38].

As a general rule, DILI causality assessment should consider 
defined core elements of important in the diagnosis of DILI, and 
provide an individual score for each item; however, only a few 
methods followed this diagnostic and quantitative approach 
(Table 2) [6]. Structured core items with individual and final 
scores, which provide transparent data for reevaluation by other 
professionals, should be the ultimate goal of any publication of 
DILI cases. Clinicians and regulators attempting to establish DILI 
as a firm diagnosis must confirm or exclude alternative causes, such 
as those listed in Fig. 3 [6]. Such listing presents alternative causes 
and diagnoses that should be suspected, depending on the patient 
characteristics and clinical context [6]; indeed, many liver injury 
cases are not DILI or HILI [8, 22, 23].

Causality Assessment Methods in DILI
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↓

Exclusion of alternative causes
A reminder for physicians 

to ensure data completeness 

↓ ↓
Differential diagnosis Diagnostic parameters
● Hepatitis A virus (HAV) Anti-HAV-IgM
● Hepatitis B virus (HBV) HBV-DNA,  anti-HBc-IgM
● Hepatitis C virus (HCV) HCV-RNA, anti-HCV 
● Hepatitis E virus (HEV) HEV-RNA , titer change for anti-HEV-IgM/anti-

HEV-IgG
● Cytomegalovirus (CMV) CMV-PCR, titer change for anti-CMV-IgM/anti-

CMV-IgG
● Epstein Barr virus (EBV) EBV-PCR, titer change for anti-EBV-IgM/anti-

EBV-IgG
● Herpes simplex virus
(HSV)

HSV-PCR, titer change for anti-HSV-IgM/anti-
HSV-IgG

● Varicella zoster virus (VZV) VZV-PCR, titer change for anti-VZV-IgM/anti-
VZV-IgG

● Other viral infections according to the 
clinical context

Specific serology of Adenovirus, Coxsackie-B-
Virus, Echovirus, Measles virus, Rubella virus,         
Flavivirus, Arenavirus,         Filovirus, 
Parvovirus, HIV, and others

● Other infectious diseases Specific assessmentof bacteria, fungi, 
parasites, and others

● Autoimmune hepatitis (AIH) type I Gamma globulins, ANA, SMA, AAA, SLA/LP, 
Anti-LSP, Anti-ASGPR

● Autoimmune hepatitis (AIH) type II Gamma globulins, Anti-LKM-1 (CYP 2D6), Anti-
LKM-2 (CYP 2C9), Anti-LKM-3

● Primary biliary cholangitis (PBC) AMA, Anti PDH-E2
● Primary sclerosing cholangitis (PSC) p-ANCA, MRC
● Autoimmune cholangitis (AIC) ANA, SMA
● Overlap syndromes See AIH, PBC, PSC, and AIC 
● Non alcoholic steatohepatitis (NASH) BMI, insulin resistance, hepatomegaly, 

echogenicity of the liver
● Alcoholic liver disease (ALD) Patient’s history, clinical and laboratory 

assessment, other alcoholic disease(s)
● Cocaine, ecstasy and other amphetamines Toxin screening

Clinical  evaluation of a case with suspected DILI 
Causality assessment using RUCAM

Fig. 3 Checklist of differential diagnoses in cases of suspected DILI. This tabular listing is adapted and derived 
from a previous publication [6]. Although not comprehensive, it is to be used as a guide and in connection with 
RUCAM [6]. AAA anti-actin antibodies, AMA antimitochondrial antibodies, ANA antinuclear antibodies, ASGPR 
Asialo-glycoprotein-receptor, BMI body mass index, CT computed tomography, CYP cytochrome P450, DILI drug-
induced liver injury, DPH pyruvate dehydrogenase, HAV Hepatitis A virus, HBc Hepatitis B core, HBV Hepatitis B 
virus, HCV Hepatitis C virus, HEV Hepatitis E virus, HIV human immunodeficiency virus, LKM liver kidney micro-
somes, LP Liver-pancreas antigen, LSP liver specific protein, MRC magnetic resonance cholangiography, MRT 
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● Rare intoxications Toxin screening for household and occupational 
toxins

● Hereditary hemochromatosis Serum ferritin, total iron-binding capacity, 
genotyping for C2824 and H63D mutation, 
hepatic iron content

● Wilson disease Copper excretion (24 h urine), ceruloplasmin in 
serum, free copper in serum, Coombs-negative 
hemolytic anemia, hepatic copper content, 
Kayser-Fleischer-ring, neurologic-psychiatric 
work-up, genotyping

● Porphyria Porphobilinogen in urine, total porphyrines in 
urine

● α1-Antitrypsin deficiency α1 – Antitrypsin in serum

● Biliary diseases Clinical and laboratory assessment, 
hepatobiliary sonography, and other imaging 
(CT, MRC)

● Pancreatic diseases Clinical and laboratory assessment, 
sonography, CT, MRT 

● Celiac disease TTG antibodies, endomysium antibodies, 
duodenal biopsy

● Anorexia nervosa Clinical context
● Parenteral nutrition Clinical context
● Cardiopulmonary diseases Cardiopulmonary assessment of congestive 

heart disease, myocardial infarction,
cardiomyopathy, cardiac valvular dysfunction,
pulmonary embolism, pericardial diseases, 
arrhythmia, hemorrhagic shock, and various 
other conditions

● Addison disease Plasma cortisol
● Thyroid diseases TSH basal, T4, T3
● Grand mal seizures Clinical context of epileptic seizure (duration 

>30 min)
● Heat stroke Shock, hyperthermia
● Polytrauma Shock, liver injury
● Systemic diseases Specific assessment of sarcoidosis, 

amyloidosis, metastatic tumor, sepsis, and 
others

● Other diseases Clinical context

Fig. 3 (continued) magnetic resonance tomography, p-ANCA perinuclear antineutrophil cytoplasmatic antibodies, 
PCR polymerase chain reaction, RUCAM Roussel Uclaf Causality Assessment Method, SLA soluble liver antigen, 
SMA smooth muscle antibodies, TSH thyroid stimulating hormone, TTG tissue transglutaminase

5 Roussel Uclaf Causality Assessment Method (RUCAM)

RUCAM was developed in the late 80s as a result of international 
consensus meetings of experts [6, 21]. The core items and specific 
details included in RUCAM were designed to resolve the problems 
that experts and clinicians encountered in poorly defined existing 
CAMs, which lacked defined and scored items and often resulted in 
endless discussion on causality assignments. First, definitions of 
terms related to liver injury and chronological criteria were devel-
oped in a consensus meeting of experts in hepatology, who provided 
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their expertise on liver injury pattern; some chronological quantita-
tive criteria such as time to onset and other criteria for additional 
items including drug rechallenge [39]. Second, some specific and 
quantitative items like alcohol consumption details were added, and 
all the items were scored in order to standardize causality assessment 
of liver injury [21]. Finally, RUCAM-based approach has high sen-
sitivity (86%) and specificity (89%), with high positive (93%) and 
negative (78%) predictive values, based on 77 case reports [28].

The global use of and experience with the original RUCAM 
since its publication in 1993 [21, 28] led to an updated version of 
RUCAM published in 2016 [6]. A few core items such as alcohol 
usage were specified, and recent diagnostic developments related to 
HEV exclusion were considered. The updated RUCAM can be used 
for DILI as well as HILI. Recently, this version of RUCAM was 
applied in a cohort study of ten patients with suspected but dis-
proved liver injury caused by an herbal drug, manufactured as extract 
from Petasites hybridus for migraine prophylaxis (Table 3) [40].

DILI cases considered for causality must fulfil the criteria of liver 
injury (Fig. 2) and laboratory-based liver injury pattern (also called 
phenotype) (Fig. 2) [6]. A stepwise approach is indispensable: first, a 
careful clinical evaluation needs to be conducted and second, the 
RUCAM assessment with its key items need to be scored according 
to clinical and laboratory data (Tables 1 and 3) [6]. The RUCAM 
items are defined clearly enough to allow for fast collection of diag-
nostic data, while the patient is still under medical care. Conceptualized 
for ongoing use, RUCAM provides best results if applied in real-time 
rather than retrospectively, ensuring completeness of case data sets 
and unbiased case evaluation (Table 4). Otherwise, late assessment 
may cause major problems in collecting relevant data used to assess 
the cases, resulting in interobserver and intraobserver variability [6].

It is a challenge to define and score with a time interval between 
beginning of the drug usage, with day 0 as the first day of intake, 
and the onset of increased liver enzymes or symptoms if they are 
likely related to the liver injury [6]. This period is sometimes also 
called the latency period. Termination of drug use prior to the 
onset of the liver injury requires alternative scoring, and slowly 
metabolized chemicals with prolonged half-lives are specifically to 
be considered (Table 3) [6].

An important part of the RUCAM assessment are the precise 
dechallenge criteria with individual scores that reflect the course of 
serum ALT and/or ALP observed after cessation of the suspected 
product, which are cornerstones of RUCAM to facilitate causality 
assessment [6]. During the dechallenge phase in patients experi-
encing DILI, assessing the natural course of LTs (i.e., not con-
founded by any external factors) is essential. For instance, treatment 

5.1 Specific Key 
Items of RUCAM

5.2 Time to Onset 
from the Beginning 
of the Drug 
Administration

5.3 Course of ALT or 
ALP After Cessation 
of the Drug
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with drugs like corticosteroids or ursodesoxycholic acid may accel-
erate and thereby mask the natural course of liver enzyme decline, 
providing no correct information of the natural LT course and 
leading to a score of 0 (Table 3). In cases of hepatocellular injury, 
prospective ordering of serial ALT determinations on day 8 and 30 
after cessation of the suspect product ensures completeness of data 
collection. For cholestatic and mixed liver injury, dechallenge 
results of serial ALP within 180 days after cessation are required for 

Table 4 
Advantages and limitations of RUCAM

Advantages of RUCAM

• Prospective use and timely decision

• Stepwise first clinical approach, followed by RUCAM

• User-friendly and cost-saving method

• Effective use without the need of an expert panel

• Timely use at the bedside of the patient

• Clearly defined key items of clinical features and course

• Full consideration of comedication and alternative causes

• Consideration of prior known hepatotoxicity

• Incorporation of unintentional reexposure results

• Hepatotoxicity specific method

• Structured, liver related method

• Individual scoring system of all key items

• Quantitative, liver related method

• Validated method (gold standard)

• Worldwide use

• Use by international registries

• Use by regulatory agencies

• Use by DILI case reports and case series

• Transparent documentation

• Possible reevaluation by peers

Limitations of RUCAM

• RUCAM was not designed for suspected chronic DILI, which is mostly 
an unrecognized preexisting liver disease

• RUCAM was also not designed when a suspected injury occurs on 
preexisting liver diseases, a complex condition where expert 
hepatologists are required

DILI drug-induced liver injury, RUCAM Roussel Uclaf Causality Assessment Method
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causality assessment [6]. All possible situations are scored, and the 
resulting scores are placed in the appropriate column of RUCAM 
according to the type of liver injury (Tables 1 and 3) [6].

According to data obtained, analyzed, and validated during the cre-
ation of the original RUCAM, amounts of alcohol usage were fur-
ther specified and defined separately for women (two drinks per 
day) and men (three drinks per day), using an average 10 g ethanol 
for each drink (Table 3) [6]. Other studies also confirmed alcohol 
use as risk factor of DILI [20, 29]. For instance, according to a 
British population-based case–control study of DILI, alcohol usage 
was a potential confounder of DILI among 128 assessable cases, 
with an odds ratio (OR) ≤2.0, achieved if >10 units were consumed 
within a week, where 1 unit corresponded to one glass of wine [20]. 
In line with this study, other reports considered alcohol use as a risk 
factor of DILI [41–45], especially when alcohol use coincided with 
acetaminophen use [42]. The increased risk of DILI in alcoholic 
patients was observed when receiving drugs such as halothane [41, 
43], isoflurane [41, 43], and isoniazid [41], various antituberculo-
sis drugs [44, 45], including rifampicin and isoniazid in combina-
tion [44], and drug treatment for multidrug-resistant tuberculosis 
[45], methotrexate, and other drugs [41]. In a study of patients 
with pulmonary tuberculosis treated with antituberculosis drugs, a 
multivariate analysis revealed prior alcohol consumption as a signifi-
cant risk factor of recurrent DILI with an odds ratio (OR) of 2.2 
[44]. These observations justify the inclusion of alcohol usage as a 
risk factor of DILI, and as such alcohol use is awarded one point in 
the original RUCAM [21] as well as in the RUCAM update of 
2016 (Table 3) [6].

Age ≥55 years is included as a risk factor for DILI with its respective 
score (Table 3) [6]. Pregnancy lowers the threshold for cholestasis 
due to high estrogen concentrations and represents a risk factor for 
cholestatic/mixed liver injury but not for hepatocellular injury [6].

Concomitant usage of drugs and herbs is a crucial item that is best 
inquired and documented at first presentation whenever DILI is 
suspected. Details of a temporal association and potential hepato-
toxic features of the concomitant product should be assessed and 
documented [6]. For reasons of comparison and transparency, 
each concomitant drug or herb requires a separate analysis using 
RUCAM. For patients given multiple drugs or herbs, the final cau-
sality should be attributed primarily to the product with the high-
est score achieved using RUCAM [6].

DILI assessment is impeded by overlooked potential causes [8, 22, 23] 
and incomplete case data, a matter stressed by the DILIN group [46], 
but these flaws can be prevented by the prospective use of RUCAM 
[6]. RUCAM considers the clinically most relevant alternative causes 

5.4 Alcohol Use

5.5 Age 
and Pregnancy

5.6 Concomitant 
Drug(s) and Herb(s)

5.7 Search 
for Alternative Causes
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and the involvement of underlying disease(s) (Fig. 3 and Table 3) [6]. 
Infections by hepatitis E virus (HEV) are now recognized to some-
times masquerade as DILI, even if the US anti-HEV antibody tests are 
not currently FDA-approved [5, 6, 16, 29, 40, 47–51]. In many sus-
pected liver injury cases, analysis of HEV RNA was missed [5, 6, 16, 
29, 40, 46, 48–51]. Most importantly, in suspected viral infections, 
titer changes of antibodies should be evaluated in the clinical course to 
confirm, or refute an ongoing virus infection, but this is rarely practiced 
in the DILI and HILI series.

Alternative causes are also included in the checklist (Fig. 3) [6]. 
They should be excluded or verified depending on the clinical  context 
and the benefit for the patient. Discovery of alternative causes for the 
liver injury may indicate specific treatments. Moreover, suspected 
autoimmune hepatitis (AIH) in a DILI setting should resolve with 
drug discontinuation [6, 40], whereas genuine AIH will worsen, 
remain stable, or relapse [52].

The risk of hepatotoxicity listed in the product information sheet 
(e.g., Summary of product characteristics in the EU or product 
information in the USA) must be checked, although the terms used 
to indicate liver injury may vary and usually do not refer to specific 
definitions. If it is mentioned, then the hepatotoxicity is considered 
known for that compound. If this hepatotoxicity is not declared, a 
quick literature search is recommended in PubMed and the NIH 
LiverTox website [53], although this site lacks an actualized CAM 
section especially regarding RUCAM and its updated version [6].

A positive rechallenge test result is viewed as the gold standard to 
determine the culprit drug in DILI cases [6]. To classify a rechallenge 
test as positive, certain criteria are required, as specified (Fig. 4) [6]. 
For hepatocellular injury, the defining criteria are based on ALT lev-
els immediately before rechallenge (designated as baseline ALT or 
ALTb), and peak ALT levels after rechallenge (designated as ALTr). 
The rechallenge test is positive if ALTb is <5× ULN and ALTr is ≥2 
ALTb, negative if one or both criteria are not fulfilled, and uninter-
pretable if data are lacking for one or both criteria. For cholestatic/
mixed liver injury, the assessment criteria and interpretation of results 
are similar, with ALT replaced by ALP (Fig. 4).

Each RUCAM item receives an individual score ranging maximum 
from +3 to −3, and the sum of the individual scores provides the final 
score for the patient (Tables 1 and 3) [6]. The range of the final scores 
from +14 to −9 allows for grading causality: ≤0,  relationship excluded; 
1–2, unlikely; 3–5, possible; 6–8, probable; ≥9, highly probable [6].

Advantages and limitations of RUCAM have been discussed previ-
ously [6] and are outlined here, as well as summarized in Table 4. 
RUCAM yields certain advantages as compared to other methods 
(Table 2) [6].

5.8 Previous 
Hepatotoxicity

5.9 Response 
to Unintentional 
Rechallenge

5.10 Individual 
and Final Scores

5.11 Advantages 
and Limitations 
of RUCAM
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●● Mandatory definition and classification of the liver injury
RUCAM requires the fulfillment of specific liver injury criteria 
including thresholds for liver tests (Figs. 1 and 2) [6]. This ensures 
the a priori elimination of non-liver injury cases and differentiates 
RUCAM assessment according to the type of liver injury.

●● Algorithm
RUCAM is based on a sophisticated diagnostic algorithm due 
to the evaluation of DILI a complex process (Figs. 2, 3, 4 and 
Tables 1, 2, 3, 4) [6]; another specific algorithm was also used 
previously for AIH [52]. The usage of such diagnostic algo-
rithms facilitates a uniform approach to a valid diagnosis of 
these difficult diagnoses.

●● Structured presentation and validation
RUCAM presents seven categories of criteria that should be 
systematically scored according to the clinical and lab data 
(Table 3) [6]. Its validation, including positive rechallenge 
cases as gold standard (Tables 2 and 4) [6, 28], has been 
detailed elsewhere [28].

5.11.1 Advantages

↓

Criteria of reexposure test results
for hepatocellular injury and cholestatic or mixed liver injury

↓ ↓ ↓

Suspected DILI

Reexposure test result Hepatocellular injury Cholestatic or mixed 
liver injury

● Positive
Negative
Negative
Negative
Uninterpretable
Uninterpretable
Uninterpretable

●
●
●
●
●
●

ALTb ALTr

<5 x ULN
<5 x ULN
≥5 x ULN
≥5 x ULN
<5 x ULN
n.a.
n.a.

≥2 x ALTb
<2 x ALTb
≥2 x ALTb
<2 x ALTb
n.a.
≥2 x ALTb
n.a.

ALPb ALPr

<2 x ULN
<2 x ULN
≥2 x ULN
≥2 x ULN
<2 x ULN
n.a.
n.a.

≥2 x ALPb
<2 x ALPb
≥2 x ALPb
<2 x ALPb
n.a.
≥2 x ALPb
n.a.

Fig. 4 Conditions and criteria for an unintentional rechallenge test, actualized and adapted from a previous 
report [6]. Accordingly, required data for the hepatocellular type of liver injury are the ALT levels just before 
reexposure, designed as baseline ALT or ALTb, and the ALT levels during reexposure, designed as ALTr. 
Response to reexposure is positive, if both criteria are met: first, ALTb is below 5 × ULN with ULN as the upper 
limit of the normal value, and second ALTr ≥2 × ALTb. Other variations lead to negative or uninterpretable 
results. For the cholestatic (±hepatocellular) type of liver injury, corresponding values of ALP are to be used 
rather than of ALT. ALP alkaline phosphatase, ALT alanine aminotransferase, n.a. not available
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●● Quantitative method based on individual and final scores
●● Prospective and user-friendly use

RUCAM was conceptualized for prospective and user-friendly 
application, which provides better data quality and assessment 
results than any vague retrospective use [6].

●● Simplicity of item handling, clarity of item criteria, and 
method reliability
Case management with RUCAM is quick, effective, and cost sav-
ing, as items are clearly defined and results are reliably obtained 
[6]. Liver biopsy is not part of RUCAM [6, 21, 54]; the most 
relevant and widely recognized reason is that any histological 
findings in DILI can be mimicked by other liver diseases [21, 54].

●● Robust framework, straightforward approach, and real-time 
method

●● Stepwise evaluation, initially clinical analysis and subse-
quently RUCAM
The first step is a careful clinical evaluation, which includes the 
data collection guided by the items required in RUCAM. This 
can be drawn from the case narrative that also provides infor-
mation of the clinical course [55]. Subsequently, RUCAM 
should be applied (Tables 1 and 3) with a focus on the check-
list of differential diagnoses (Fig. 3). If uncertainty remains, an 
expert opinion may follow using the RUCAM items [6]. 
RUCAM is applicable even in cases with preexisting liver dis-
ease if a new DILI event is suspected [29, 56].

●● Mandatory systematic documentation and data 
transparency
For DILI case assessment, a systematic documentation is manda-
tory for case reports, regulatory purposes, and reassessment by 
independent experts [6, 55]. Documentation should start with 
the narrative, the listing table with all RUCAM data (Table 3), 
and a table of excluded alternative causes (Fig. 3) [55].

●● Epidemiological, clinical, and genotyping studies
RUCAM has been used to identify DILI and HILI in studies of 
prescription drugs, herbal medications, regulatory evaluations 
including phase I/II/III clinical studies, long-term post market-
ing clinical trials, and epidemiological studies, and genotyping 
studies, just to name a few examples as referenced in detail [6].

●● International appreciation and worldwide usage
Experience to date with RUCAM shows that it is the most com-
monly used CAM by international registries, regulatory agen-
cies, and in case reports to identify suspected DILI and HILI 
cases worldwide, as evidenced by an increase in publications 
within the past years (Tables 5 and 6) [19, 57–166].
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Table 5 
Listing of selected international registries and regulatory agencies, and associated groups that 
applied RUCAM in suspected DILI and HILI cases

Cases
Suspected 
products

Country/
region Group/agency Year First author

DILI Multiple 
synthetic drugs

Spain
Europe

Spanish Group for the Study of 
the Drug-Induced Liver 
Disease, Malaga

2005 Andrade [57]

DILI Multiple 
synthetic drugs

Spain
Europe

Spain Hepatotoxicity Registry, 
Grupo de Estudio Para las 
Hepatopatías Asociadas a 
Medicamentos, Malaga

2006 Andrade [24]

HILI
DILI

Various herbal 
TCM, 
synthetic drugs

Singapore
Asia

National University of 
Singapore

2006 Wai [58]

HILI Lu Cha (Green 
tea extract)

Sweden
Europe

Swedish Adverse Drug 
Reactions Advisory 
Committee

2007 Björnsson [59]

HILI Black cohosh Various 
countries

Europe

European Medicines Agency 2007 EMA [60]

HILI Herbs Spain
Europe

Spanish Liver Toxicity Registry 2008 García-Cortés [61]

DILI, 
HILI

Multiple 
synthetic 
drugs, few 
herbs

Spain
Europe

Spanish Group for the Study of 
Drug-induced Liver Disease

2008 García-Cortés [62]

DILI Flucloxacillin UK, other 
countries

DILIGEN Study and 
International SAE 
Consortium

2009 Daly [63]

DILI Synthetic drugs Serbia
Europe

Medicines and Medical Devices 
Agency of Serbia, Belgrade

2011 Miljkovic [25]

HILI Polygonum 
multiflorum

Korea
Asia

Gyeongsang National 
University

School of Medicine, Jinju/
Sungkyunkwan University

School of Medicine, Changwon

2011 Jung [64]

HILI Various herbal 
TCM

Hong Kong Hong Kong Herb-Induced 
Liver Injury

Network (HK-HILIN), Hong 
Kong

2011 Chau [65]

DILI Multiple 
synthetic drugs

Spain, other 
countries

Spanish DILI Registry, 
EUDRAGENE, DILIN, 
DILIGEN, and International 
SAEC

2011 Lucena [66]

(continued)
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●● Poor quality of case data
To obtain qualified RUCAM-based results, physicians and asses-
sors are encouraged to adhere to this method carefully [6] and 
consider basic liver tests for the liver injury classification (Figs. 1 
and 2). They should follow the specific operational information, 
details of core elements and their scoring (Table 3), differential 
diagnoses (Fig. 3), and the rechallenge criteria (Fig. 4). However, 
RUCAM cannot compensate for flaws from improper clinical or 
regulatory case analyses, incomplete case data, or poor quality 
data transfer from medical records to the RUCAM scale [16, 
49–51]. The problem of missing essential elements will remain 
[46] unless rigorous efforts are undertaken to improve case 
documentation approaches [50, 51].

●● Chronic DILI
RUCAM has been conceptualized for acute DILI but not for 
complex conditions, such as chronic DILI or suspected DILI in 

5.11.2 Limitations 
of RUCAM

Table 5
(continued)

Cases
Suspected 
products

Country/
region Group/agency Year First author

DILI Synthetic drugs Serbia
Europe

Medicines and Medical Devices
Agency of Serbia, Belgrade

2012 Miljkovic [26]

DILI Statins Iceland/
Sweden

Europe

National University Hospital 
Reykjvik/University of 
Gothenburg/Swedish 
Adverse Drug Reactions 
Advisory Committee 
(SADRAC)

2012 Björnsson [27]

DILI Various synthetic 
drugs 
(expected)

Spain
Latin 

America

Spanish-Latin American 
Network on drug-induced 
liver Injury, in progress

2012 Bessone [10]

DILI Flupirtine Germany
Europe

Drug Commission of the 
German Medical Association

2012 Stammschulte [67]

DILI Flupirtine Germany
Europe

Berlin Case-control Surveillance 
Study, German drug reaction 
reporting database

2014 Douros [68]

DILI Anabolic and 
androgenic 
steroids

Spain
Latin 

America

Spanish DILI Registry and 
Spanish-Latin-American 
DILI Network

2015 Robles-Diaz [69]

DILI Multiple 
synthetic drugs

Germany
Europe

Berlin Case-control Surveillance 
Study

2015 Douros [70]

DILI drug-induced liver injury, HILI herb-induced liver injury, RUCAM Roussel Uclaf Causality Assessment Method, 
TCM traditional Chinese medicine
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Table 6 
Listing of selected individual reports using RUCAM in suspected DILI and HILI cases

Cases Products Country/region Year First author

DILI Various synthetic drugs France
Europe

1993 Danan [21]

DILI Various synthetic drugs France
Europe

1993 Bénichou [28]

DILI Ketoprofen France
Europe

1998 Flamenbaum [71]

DILI NSAIDs Europe
Europe

2003 Lucena [72]

HILI Kava Germany
Europe

2003 Stickel [73]

DILI Various synthetic drugs Japan
Asia

2003 Masumotuo [74]

DILI Multiple synthetic drugs Spain
Europe

2004 Andrade [75]

DILI Pioglitazone France
Europe

2004 Arotcarena [76]

DILI Ximelagatran USA, France, Sweden 2005 Lee [77]

HILI Ji Xue Cao Argentina
South America

2005 Jorge [78]

HILI Lu Cha (Green tea, Camellia sinensis) France
Europe

2005 Gloro [79]

DILI Amoxicillin, Amoxicillin/Clavulanate USA 2005 Fontana [80]

DILI Various synthetic drugs Sweden
Europe

2006 De Valle [81]

HILI Bo He, Chuan Lian Zi, and various 
other herbal TCM

Korea
Asia

2006 Yuen [82]

HILI Lu Cha Spain
Europe

2006 Jimenez-Saenz [83]

HILI Polygonum multiflorum Columbia
South America

2006 Cárdenas [84]

DILI Rofecoxib Canada
North America

2006 Yan [85]

DILI Antibiotics UK
Europe

2007 Hussaini [86]

DILI Atomoxetine USA 2007 Stojanovski [87]

DILI Varioussyntheticdrugs Sweden
Europe

2007 Björnsson [88]

(continued)
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Table 6
(continued)

Cases Products Country/region Year First author

DILI Flavoxate Italy
Europe

2007 Rigato [89]

HILI Kava Germany
Europe

2008 Teschke [90]

HILI Bai Xian Pi, Kudzu, Lu Cha, Yin 
Chen Hao

Korea
Asia

2008 Kang [91]

HILI Bai Xian Pi, Ci Wu Jia, Shou Wu Pian, 
Yin Chen Hao

Korea
Asia

2008 Sohn [92]

DILI Albedazole Korea
Asia

2008 Choi [93]

HILI Indian Ayurvedic herbs Germany
Europe

2009 Teschke [94]

HILI Green tea (Camellia sinensis) Italy
Europe

2009 Mazzanti [95]

HILI Herbalife Switzerland
Europe

2009 Stickel [96]

HILI Corydalis speciosa Korea
Asia

2009 Kang [97]

DILI Black cohosh Germany
Europe

2009 Teschke [98]

HILI Black cohosh Germany
Europe

2009 Teschke [99]

HILI Ge Gen Korea
Asia

2009 Kim [100]

DILI Montelukast India
Asia

2009 Harugeri [101]

DILI Nimesulide Italy
Europe

2010 Licata [102]

DILI Tadalafil Morocco
Africa

2010 Essaid [103]

HILI Herbalife Iceland
Europe

2010 Jóhannsson [104]

HILI HeShou Wu Korea
Asia

2010 Bae [105]

DILI Antimicrobial agents Thailand
Asia

2010 Treeprasertsuk [106]

(continued)
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Table 6
(continued)

Cases Products Country/region Year First author

HILI Aloe Korea
Asia

2010 Yang [107]

DILI Cephalexin USA 2010 Singla [108]

HILI Kava Germany
Europe

2010 Teschke [109]

HILI Gynura segetum Hong Kong
Asia

2011 Lin [110]

DILI Amiodarone Israel
Europe

2011 Gluck [111]

DILI Paracetamol Spain
Europe

2011 Sabaté [112]

HILI Greater Celandine Germany
Europe

2011 Teschke [113]

HILI Black cohosh Germany
Europe

2011 Teschke [114]

HILI Pelargonium sidoides Germany
Europe

2012 Teschke [115]

DILI Various dietary supplements Iran
Asia

2012 Timcheh-Hariri [116]

HILI Greater Celandine Germany
Europe

2012 Teschke [117]

DILI Etifoxine France
Europe

2012 Moch [118]

HILI Juguju Korea
Asia

2012 Kim [119]

HILI Gynura segetum Hong Kong
Asia

2012 Gao [120]

DILI Varenicline USA 2012 Sprague [121]

DILI
HILI

Multiple synthetic drugs and herbs Korea 2012 Suk [122]

DILI Multiple synthetic drugs China
Asia

2012 Hou [123]

DILI Etravirine USA 2012 Nabha [124]

HILI Pelargonium sidoides Germany
Europe

2012 Teschke [125]

DILI Crizotinib France
Europe

2013 Ripault [126]

(continued)
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Table 6
(continued)

Cases Products Country/region Year First author

DILI Methylprednisolone France
Europe

2013 Carrier [127]

DILI Albendazole Colombia
South America

2013 Ríos [128]

HILI Herbalife Germany
Europe

2013 Teschke [129]

DILI Ibandronate Belgium
Europe

2013 Goossens [130]

DILI Bosentan USA 2013 Markova [131]

DILI Cyproterone acetate Italy
Europe

2013 Abenavoli [132]

DILI Various synthetic drugs Iceland
Europe

2013 Björnsson [19]

DILI NSAID (investigational) USA 2013 Marumoto [133]

HILI Black cohosh USA 2014 Adnan [134]

DILI Volatile anesthetics Australia 2014 Lin [135]

DILI Multiple synthetic drugs USA 2014 Cheetham [136]

DILI Rivaroxaban Switzerland
Europe

2014 Russmann [137]

DILI Daptomycin USA 2014 Bohm [138]

DILI Anastrazole UK
Europe

2014 Saiful-Islam [139]

HILI Greater Celandine Korea
Asia

2014 Im [140]

DILI Various synthetic drugs USA 2014 Lim [141]

DILI
HILI

Multiple synthetic drugs and herbal 
TCM

China
Asia

2014 Hao [142]

DILI Pomalidomide USA 2014 Veluswamy [143]

HILI Green tea (Camellia sinensis) Germany
Europe

2014 Teschke [144]

HILI Green tea (Camellia sinensis) Germany
Europe

2014 Pillukat [145]

HILI Herbal TCM Korea
Asia

2015 Lee [146]

DILI
HILI

Multiple synthetic drugs and dietary 
supplements

Germany
Europe

2015 Teschke [49, 50]

(continued)
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Table 6
(continued)

Cases Products Country/region Year First author

HILI Lesser Celandine Turkey
Europe

2015 Yilmaz [147]

HILI Green tea (Camellia sinensis) Italy
Europe

2015 Mazzanti [148]

DILI Ipimimumab Australia 2015 Tauquer [149]

DILI Meloxicam Korea
Asia

2015 Son [150]

DILI Rivaroxaban USA 2015 Baig [151]

DILI Bupropion, doxycycline USA 2015 Tang [152]

HILI Herbalife Brazil
South America

2015 Zambrone [153]

DILI
HILI

Multiple synthetic drugs and herbs Korea
Asia

2015 Woo [154]

HILI Polygonum multiflorum China
Asia

2015 Wang [155]

DILI
HILI

Various drugs and TCM herbs China
Asia

2015 Zhu [156]

HILI Polygonum multiflorum China
Asia

2015 Zhu [157]

DILI
HILI

Various drugs and TCM herbs China
Asia

2016 Zhu [158]

HILI TCM herbs China
Asia

2016 Zhu [159]

DILI
HILI

Multiple synthetic drugs and dietary 
supplements

Germany
Europe

2016 Teschke [16]

DILI Multiple synthetic drugs Icelandic
Europe

2016 Björnsson [8]

HILI Various herbs Germany
Europe

2016 Douros [13]

HILI Chinese Skullcap
Black Catechu

USA 2016 Papafragkakis [160]

HILI Multiple herbal TCM China
Asia

2016 Zhang [161]

HILI Petadolex Germany
Europe

2016 Teschke [40]

HILI Rheishi fungus Turkey
Europe

2016 Ocak [162]

(continued)
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patients with preexisting liver disease [6], where expert hepa-
tologists would provide a more accurate approach [29]. Indeed, 
RUCAM can be used by experts considering the abnormal 
baseline of liver tests due to and depending on the preexisting 
liver disease, the time course of events and the exclusion of 
alternative causes. Chronic DILI should always be considered 
as a potential cause of preexisting chronic liver disease [29, 56].

●● Alternative diagnoses
It is still difficult to develop high quality algorithms to cover all the 
possible alternative diagnoses in hepatology and complex diseases. 
Although attempts are made for DILI (Fig. 3 and Table 3), physi-
cians are encouraged to resolve a few remaining diagnostic prob-
lems and consider additional etiologies on a case-by-case basis.

●● Additional data elements
Extrahepatic signs like fever, rash, eosinophilia usually accompa-
nying an immune-allergic DILI were not included as such into 
RUCAM [6]. These data elements are not discriminating 
enough to generally distinguish DILI from non-DILI causes in 
favor or against the role of a suspect drug and therefore were not 
included in RUCAM.

6 Other Causality Assessment Methods

Six methods merit attention (Table 2). Based on some principles of 
the original RUCAM [21, 28], three liver specific methods were 
developed: the MV scale [33], the TTK scale [34], and the DILIN 
method [7]. Three other CAMs do not detail specific and individual 
DILI items: the unspecified expert opinion based approach [35], the 
Naranjo scale [36], and the WHO method [37].

Table 6
(continued)

Cases Products Country/region Year First author

HILI Herbal TCM Germany
Europe

2016 Melchart [163]

DILI Sofosbuvir UK
Europe

2016 Dyson [164]

DILI Etodolac India
Asia

2017 Taneja [165]

DILI Antibiotics Italy, Netherlands
Europe

2017 Ferrajolo [166]

DILI drug-induced liver injury, HILI herb induced liver injury, NSAIDs nonsteroidal anti-inflammatory drugs, 
RUCAM Roussel Uclaf Causality Assessment Method, TCM, traditional Chinese medicine
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In an attempt to improve the original RUCAM [21], the MV scale 
removed laboratory items, added clinical elements, and simplified the 
weight of data elements [6, 33, 38, 53, 167]. As a shortened version of 
the original RUCAM [21], the MV scale has fewer criteria; evaluates 
dechallenge as the time necessary for ALT or ALP to fall below 2× 
ULN; and considers a shorter latency period [33]. It also accepts less 
accurate exclusion criteria of alternative causes; ignores concomitant 
drug or herb use; emphasizes drugs with more than 5 years marketing 
without published hepatotoxicity and overestimates extrahepatic mani-
festations [33]. Despite these major modifications, performance 
 indicators (specificity, sensitivity) including predictive values, and vali-
dation using a gold standard are not available for this scale [33]. The 
major differences between RUCAM and the MV scale are shown in 
Table 2. The MV scale is not recommended for assessing causality in 
suspected DILI cases and is certainly not a substitute for RUCAM [6].

The TTK scale was established for DILI cases in Japan [34] and is 
another attempt to modify the original RUCAM [21], with  different 
evaluations of the chronology, exclusion of comedications, and 
inclusion of the drug lymphocyte stimulation test (DLST) and 
eosinophilia in their assessment [34, 168]. Limited access to DLST, 
difficulties with false positive and false negative predictions [168, 
169], and lack of standardization have prevented its clinical use, and 
consequently the TTK scale has received limited applications out-
side Japan [6, 167, 169].

DILIN members established their own CAM [7, 170]. It is liver 
specific and considers a few items from the original RUCAM [21], 
but relies on “expert opinion,” does not follow a particular algo-
rithm, arrives at subjective causality gradings expressed as percent-
age ranges, ignores important items as detailed listed in Table 2, 
and leaves all elements unscored as also outlined in Table 2 [6]. 
Some shortcomings of this method have been discussed in detail 
[6, 38, 51]. A recent analysis also revealed that the DILIN method 
does  substantially upgrade causality levels as compared to 
RUCAM, which suggests unjustified overdiagnoses and case over-
reporting in cases of suspected liver injury, a major diagnostic 
dilemma of DILIN [51]. Such upgrading might be due to the 
failure of the DILIN method to consider each of the elements in 
the RUCAM in a systematic fashion to prevent inadvertently over-
looking confounding variables. These variables include comedica-
tions by numerous drugs and dietary supplements, incomplete 
exclusion of nondrug causes such as preexisting liver disease and 
withholding of antivirals in hepatitis B flares causing ALF, inter-
mittent use of the suspected product; incomplete case data, and 
lack of HEV exclusion by HEV-DNA analyses. The lack of a sys-
tematic algorithm for case assessment might raise concern on the 
overall validity of the DILIN method [51].

6.1 MV Scale

6.2 TTK Scale

6.3 DILIN Method
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Compared to the worldwide applied RUCAM (Tables 5 and 6), 
the use of the DILIN method is restricted to the US network (Table 2) 
[6, 51]. In addition, DILIN decisions are based on subjective experts’ 
opinion, which provides percentage ranges of causality likelihood with-
out a structured approach and individual item scoring [6, 7, 51]. By 
definition, such experts’ approach lacks both validation by a gold stan-
dard [7] as opposed to RUCAM [6, 21], as well as transparency of 
how final causality assessment was reached [6, 51]. This impedes reas-
sessment of the US-based DILIN method by outside peers [51]. 
Indeed, a DILIN member critically analyzed the weaknesses of the 
DILIN method [7], briefly summarized as follows: [1] process is 
described as cumbersome, time-consuming, and costly; [2] is an 
expert-opinion process of imperfect standard without translation into 
daily clinical practice; [3] takes at least 6 months after case enrolment 
until final assessments are available; [4] inaccessibility of data to the 
clinician needing a causality assessment in time; [5] monthly meetings 
are needed in a teleconference fashion; [6] requires consensus among 
three hepatologists, avoiding minority votes; [7] even when by consen-
sus, expert opinion is still a subjective opinion; and [8] lengthy and 
lively conversations often occur, related to overlooked data, weakness 
of reasoning, or data from new publications [7]. It is therefore not 
applicable in DILI causality assessment outside of research studies.

In around two thirds of published DILI cases, no specific CAM is 
referenced [171]. The reporting authors presumably assessed the tim-
ing of events and estimated the likelihood of a hepatotoxic reaction 
but not clearly in a systematic fashion [35]. Results of such first evalu-
ations are fragile, disputed, not transparent, and not reassessable, as 
shown for the assessments by the Germany regulatory agency BfArM 
(Bundesinstitut für Arzneimittel und Medizinprodukte, Federal 
Institute for Drugs and Medicinal Products) [113, 172, 173] and the 
FDA in the USA using MedWatch cases, as discussed recently [16]. 
Their poor data quality including case overreporting is well known; 
indeed, mostly nonprofessionals are not familiar with liver injury and 
not aware of the liver specific issues when they reported such cases. 
This unspecified CAM should be neither applied nor recommended 
for causality assessment in suspected liver injury.

The Naranjo scale was developed for any adverse drug reaction 
[36] but its use in suspected DILI and HILI cases is problematic 
[38, 62, 114, 167, 174–179]. Indeed, criteria of liver injury, spe-
cific time to onset, criteria for recovery time, diagnoses to exclude, 
and reexposure conditions are not even considered (Table 2) [36]. 
The items include drug concentrations and monitoring, dose 
relationship including decreasing dose, placebo response, and 
cross-reactivity, using unidentified subjective evidence. Since 
idiosyncratic reactions are prevalent in liver injury, these items are 
irrelevant for DILI and HILI [36, 38]. Even in the absence of 
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essential data, this scale can result in possible causality simply 
based on whether the patient took the suspect agent [38, 174]. 
Problems related to the Naranjo scale were also not resolved [38] 
when the US Pharmacopeia (USP) used its own modified, short-
ened, and not validated Naranjo version with only five instead of 
the original ten items [178]. As this method lacks validation and 
reproducibility testing [62], the USP has raised concerns about 
its validity [174, 175]. In essence, the use of the Naranjo scale for 
suspected DILI and HILI is not recommended.

The WHO method was also developed for general adverse reac-
tions [37] and does not consider specific characteristics of liver 
injury (Table 2). These shortcomings led to the conclusion that 
this scale is neither appropriate for causality assessment in suspected 
hepatotoxicity cases nor has the advantages over other causality 
algorithms [38]. The WHO method has been heavily disputed 
[38, 59, 115, 125, 167, 172, 180, 181] and has not been men-
tioned on the NIH LiverTox website [53]. For causality assess-
ment of suspected DILI and HILI cases, the WHO should use 
RUCAM rather than the obsolete WHO method.

7 Perspectives

It is important to maintain an internationally harmonized causality 
assessment approach that uses the case narrative with clinical charac-
teristics as a basic tool [50], the quantified RUCAM items (Tables 1 
and 3), and the checklist for differential diagnoses (Fig. 3). Optionally, 
an expert panel may reassess the case narrative, RUCAM items, and 
checklist as obtained and presented by the treating physician. This 
stepwise approach will ensure completeness, transparency, and com-
parability of case data. It is also critical for an internationally harmo-
nized approach to causality assessment and improves the acceptance of 
published case reports or case series on DILI and HILI. Published 
data across countries and their registries can be harmonized and easily 
interpreted across populations [5, 182]. Moreover, the use of RUCAM 
may identify DILI and HILI cases early in the clinical development 
process, enabling companies and regulatory agencies to reassess the 
cases and take steps to minimize the risk of severe hepatic reactions.

8 Notes

As a complex disease, DILI has numerous facets, which are difficult 
to diagnose and are poorly handled validly by most of the pub-
lished CAMs which lack defined and validated criteria. Opposed to 
the flaws inherited in most methods, RUCAM does not share these 
shortcomings and is therefore the focus of the present chapter as 
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the preferred method for assessing causality of DILI. Nevertheless, 
other CAMs are discussed to provide a balanced overview on the 
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9 Conclusion

Causality assessment in DILI is challenging since most methods are 
unable to provide reliable results due to lack of liver specificity, 
absence of validation, and/or item scoring. Instead, and although 
not perfect, RUCAM meets the quality requirements including vali-
dation against a gold standard using positive DILI responses from 
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Circulating MicroRNAs as Novel Biomarkers  
of Drug- Induced Liver Injury in Humans

Julian Krauskopf, Jos C. Kleinjans, and Theo M. de Kok

Abstract

MicroRNAs have become a promising candidate for responding to the need for more specific and sensitive 
biomarkers for drug-induced liver injury (DILI). These small noncoding RNA molecules exert a regula-
tory function on biological processes by fine tuning gene expression levels. MicroRNAs are the most 
abundant and stable class of small RNAs in the cell and they are expressed in a cell type- and organ-specific 
manner. The expression of miRNAs changes with disease state and cells are actively and/or passively 
secreting miRNAs into the peripheral circulation. These extracellular, circulating miRNAs have been found 
to reflect the condition of distant organs. Numerous studies have shown elevated serum levels of miR-122, 
a liver-enriched miRNA, upon drug-induced hepatotoxicity and as a consequence of other liver injuries. 
These studies demonstrate the potential use of blood samples as minimally invasive, miRNA based “liquid 
biopsies,” able to interrogate hepatotoxic mechanisms and liver pathology. The purpose of this review is to 
summarize the recent advances on miRNA-based biomarker research for drug-induced liver injury.

Key words Drug-induced liver injury, microRNAs, Acetaminophen, Biomarker

1 Introduction

Despite extensive safety testing at various stages during drug devel-
opment, drug-induced liver injury (DILI) is one of the major rea-
sons for failure of candidate drugs during clinical trials or withdrawal 
of pharmaceutical products from the market [1]. The current gold 
standard for liver damage is the measurement of proteins that are 
leaking from disrupted hepatocytes as a consequence of liver toxicity 
(e.g., alanine aminotransferase (ALT) and aspartate aminotransfer-
ase (AST)). However, the use of these marker proteins has its limita-
tions in view of the lack of both sensitivity and organ specificity. For 
instance, ALT and AST are also leaking into the circulation from 
damaged muscle cells already upon moderate physical activity [2]. 
Additionally, about 12% of type-2 diabetes mellitus patients (T2DM) 
show increased serum ALT levels without suffering from liver dam-
age [3]. These conventionally used biomarkers also show an inability 
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to differentiate between mild and severe liver damage as well as 
between the various types of liver impairments [4]. These limitations 
demonstrate the need to develop improved biomarkers that are 
capable of predicting hepatotoxicity and liver pathogenesis with 
improved sensitivity and a higher level of specificity.

Recently, the potential biomarker role of microRNAs (miR-
NAs) has been brought to attention in view of their acclaimed 
superiority to reflect liver injury [5]. These small noncoding RNAs 
play a major role in complex gene regulatory networks and are 
therefore involved in many fundamental biological processes [6]. 
Numerous reports have shown that intracellular miRNAs are aber-
rantly expressed in various liver diseases such as viral hepatitis [7], 
DILI [8], and hepatocellular carcinoma [9]. Disease-specific 
miRNA expression patterns may also be reflected in the circulation 
as a consequence of tissue damage and/or active secretion [10]. 
Recent advances in the field of next-generation sequencing (NGS) 
enable high throughput quantification of the entire miRNome 
including all its isoforms (termed isomiRs) [11]. Screening the 
totality of the circulating miRNAs enables the identification of 
miRNA signatures which can be developed into blood-based diag-
nostic tests (referred to as “liquid biopsies” [12]) which may well 
represent liver pathology without the necessity to take highly invasive 
liver samples. These signatures are potentially capable to discrimi-
nate between the presences of different types of liver damage and 
to identify the mechanisms potentially involved in the induction of 
hepatotoxic responses. The purpose of this review is to summarize 
the recent progress made in development of miRNA- based 
biomarkers for DILI.

2 MicroRNA Biogenesis and Regulatory Function

Since the first miRNA was discovered in 1993 in Caenorhabditis 
elegans [13], 2588 human miRNAs have been identified [14]. 
These small noncoding RNAs of about 22 nucleotides play a major 
role in post transcriptional gene regulation and have been identi-
fied as more abundant than any other class of small RNAs in the 
cell [6]. MicroRNAs are transcribed from DNA by the RNA poly-
merase II into primary miRNAs, in which the mature miRNAs are 
embedded. The hairpin-structured primary miRNAs are processed 
by DROSHA into the shorter precursor miRNAs before they are 
exported into the cytoplasm. In the cytoplasm, the precursor miR-
NAs are cleaved by DICER and further processed into the mature, 
single stranded miRNAs [15].

Several NGS-based studies have shown that the mature miRNAs 
occur in several isoforms [16, 17]. These isoforms, also called 
isomiRs, originate from deviations in the cleavage position by 
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DROSHA or DICER during miRNA maturation and/or from 
post-transcriptional trimming or tailing of nucleotides by enzymatic 
reactions. It is assumed that these modifications of the miRNA 
sequence have an impact on miRNA half-life and miRNA target 
specificity [18].

To exert its function in gene regulation, the mature miRNA 
assembles together with Argonaute2 and high-density lipoproteins to 
the RNA-induced silencing complex (RISC). The role of the miRNA 
in this complex is the detection and base pairing with the target mRNA 
sequence. Responsible for the base pairing is a 7 nucleotide long 
region, called the seed, that complementary binds to the 3′-untrans-
lated region of the target mRNA. The specific binding enables the 
RISC to promote the decay and/or directly suppresses the translation 
of the respective target gene [6]. An overview of the microRNA 
biogenesis and functioning of miRNAs is presented in Fig. 1.

Fig. 1 MicroRNA biogenesis, regulatory function, and secretion/leakage to the circulation. In the nucleus 
miRNA genes are transcribed by the RNA polymerase II to double stranded pri-miRNAs, which are cropped by 
an enzyme called Drosha to the shorter pre-miRNAs. These pre-miRNAs are then transported into the cyto-
plasm where they are cleaved by the endoribonuclease Dicer to the single stranded mature miRNAs. At this 
point the miRNAs assemble with Argonaute2 and lipoproteins to the RNA induced silencing complex (RISC) to 
exert their regulatory function in mRNA silencing. The protein bound miRNAs can enter the extracellular by 
active secretion through protein carriers or passive leakage from damaged cells. Alternatively, the mature 
miRNAs are also embedded into exosomes or microvesicles before they are actively secreted. In the extracel-
lular the miRNAs, embedded to microvesicles or bound to proteins, can function as signaling molecules 
between tissues
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In this manner, a miRNA can fine-tune the biological processes 
mediated by hundreds of genes whereas one gene can be regulated 
by several miRNAs. This creates substantial complexity in the ability 
to modulate gene regulatory networks. Hence, the influence of a 
miRNA is not always suppressive, as the inhibition of one transcrip-
tion factor/gene can enhance the expression of another gene.

MicroRNAs are expressed in all cell types and exhibit crucial roles 
in liver (dys)functionalities such as apoptosis and necrosis, cell cycle 
and proliferation, and liver fibrosis [5]. Therefore, a connection 
between miRNAs and liver disease or drug metabolism is obvious 
and makes them promising candidates as biomarkers for DILI.

3 MicroRNAs in Drug Metabolism and the Development of DILI

During the metabolic breakdown of drugs, miRNAs play an impor-
tant role through direct and/or indirect regulation of genes 
involved in the drug metabolizing system. The metabolizing sys-
tem consists of a complex network of metabolizing enzymes, 
nuclear receptors, transferase enzymes, and drug transporters [19].

Cytochrome P450 (CYP) is a superfamily of drug metaboliz-
ing enzymes that transform drugs into intermediate metabolites 
and free oxygen radicals. The oxidative stress that is generated dur-
ing this process plays a major role in the pathogenesis of DILI. CYP 
enzymes are regulated by transcription factors and cytokines, how-
ever, many CYPs have recently been found to be regulated by miR-
NAs at the posttranscriptional level. Human CYP1B1, responsible 
for the metabolic activation of several carcinogens, was the first for 
which it was shown that miRNAs are involved in CYP regulation. 
In an in vitro study it was shown that an antisense oligonucleotide 
of miR-27b increased the protein level and enzymatic activity of 
endogenous CYP1B1 [20]. The CYP isoform CYP2E1 catalyzes 
the metabolism of numerous xenobiotics, including acetamino-
phen, carbon tetrachloride and ethanol. Although it is the most 
abundantly expressed CYP isoform in the human liver on mRNA 
level, however, it is only the fourth most abundant isoform on the 
protein level suggesting posttranscriptional regulation [21]. 
Indeed, miR-378 transfected HEK293 cells showed significantly 
decreased CYP2E1 protein levels and activity [22]. Furthermore, 
in rat hepatocytes it was shown that administration of insulin 
increased miR-132 and miR-212 levels and the enhanced expres-
sion of these two miRNAs appeared to correlate significantly with 
decreased CYP2E1 mRNA expression [23].

The hepatocyte-nuclear 4α factor (HNF4A) is a nuclear recep-
tor that plays an important role in the induction of many genes 
involved in drug metabolism (including CYPs). HNF4A activates 
the expression of CYP mRNAs by direct binding as well as through 
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the regulation of other transcription factors such as pregnane x 
receptor (PXR). In HepG2 cells it was demonstrated that upon 
overexpression of miR-24 and miR-34a the protein levels of 
HNF4A were markedly decreased. Furthermore, a decrease of 
numerous HNF4A target genes such as CYP7A1 and CYP8B1, 
was observed [24].

PXR is also recognized as a major transcription factor that 
induces many drug metabolizing enzymes. Another study in HepG2 
revealed that the PXR protein level was decreased by the overex-
pression of miR-148a, whereas it was increased by inhibition of 
miR-148a. Furthermore, in a panel of 25 human liver samples the 
expression levels of miR-148a inversely correlated with the transla-
tional efficiency of PXR (PXR protein–PXR mRNA ratio) [25].

In addition to these metabolizing enzymes and nuclear recep-
tors, miRNAs were also identified as regulators of transferase enzymes 
and transporters. The UDP-glucuronosyltransferase (UGT) catalyzes 
the conjugation of a sugar molecule to its substrate (e.g., drugs, 
carcinogens) to enable the substrates excretion from the body, thus 
preventing DILI [26]. Enzyme activity and mRNA levels of hepatic 
UGT1A, a family of nine isoforms of UGT, showed inverse correla-
tion with miR-491-3p in vitro and in vivo [27]. The same group 
additionally showed that also some isoforms of the UGT2B family 
are targeted and suppressed by miR-216b-5p [28]. Furthermore, 
the protein level of ABCG2, an important transporter responsible for 
cellular drug disposition, appeared to be affected by multiple miR-
NAs, including miR-328, miR-519c, and miR-520h [29].

These examples of the complex interplay between drug metab-
olizing enzymes, transcription factors, transferase enzymes, drug 
transporters and posttranscriptional regulation by miRNAs shows 
the important role of these small RNAs as mediators of drug 
metabolism and DILI (Table 1).

Table 1 
Examples of miRNA-mediated regulation of genes involved in the metabolizing system

Gene Function miRNAs References

CYP1B1 Drug-metabolizing enzyme miR-27b [20]

CYP2E1 Drug-metabolizing enzyme miR-378, miR-132, miR-212 [22, 23]

HNF4A Nuclear receptor miR-24, miR-34a [24]

PXR Nuclear receptor miR-148a [25]

UGT1A Transferase enzymes miR-491-3p [27]

UGT2B Transferase enzymes miR-216b-5p [28]

ABCG2 Drug transporter miR-328, miR-519c, miR-520h [29]

MicroRNAs as Novel Biomarkers of DILI
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4 Circulating miRNAs

In 2008, the first evidence was published showing the presence of 
miRNAs in body fluids [30]. These circulating miRNAs were 
found to be stable even under conditions as harsh as boiling, 
extreme pH, long-time storage at room temperature, and multiple 
freeze-thaw cycles. Additionally, the study showed that synthetic 
miRNAs added to the sample were quickly degraded [31]. This 
suggests that, in contrast to the synthetic miRNAs, the endoge-
nous miRNAs are stabilized by some protective mechanism. It has 
indeed been reported that circulating miRNAs are protected from 
RNase activity either by being bound to proteins such as Agronaute2 
or incorporated into microvesicles [32].

The fact that miRNAs in the circulatory system are to some 
extent also embedded into microvesicles and exosomes led to the 
hypothesis that they may also play a role in cell-to-cell communica-
tion (Fig. 1). It has been shown that human blood cells can secrete 
miRNAs and deliver them into recipient cells where the exogenous 
miRNAs can regulate target gene expression [33].

However, the majority of the miRNAs present in biofluids is 
not found inside microvesicles but is rather bound to RNA-binding 
proteins such as Argonaute2 and high-density lipoproteins [34]. 
This suggests that a significant portion of miRNAs is leaked pas-
sively into the circulatory system by tissue disruption or possibly, 
by active secretion through protein carrier systems (Fig. 1).

The stability of miRNAs in the circulation, the accessibility 
through minimally invasive “liquid biopsies” and the advantage 
that miRNAs can be detected in a quantitative manner by relatively 
simple methods such as a real-time PCR, makes them a very prom-
ising new class of biomarkers for drug-induced liver injury.

5 Drug-Induced Liver Injury

With acetaminophen (APAP) toxicity being the most common cause 
of DILI, the first evidence of circulating miRNAs as novel biomark-
ers for DILI was identified in APAP-treated mice. The study showed 
that the liver-enriched miRNAs (miRNAs that are consistently highly 
expressed in the liver such as miR-122 and miR-192) exhibited 
dose- and duration-dependent elevations in plasma, and showed 
higher sensitivity than serum ALT [8]. The elevation of both miR-
NAs was later confirmed in human acetaminophen poisoning [35]. 
A clinical study also demonstrated that miR-122 is more sensitive 
than ALT and opposed to ALT, miR- 122 remained stable in a 
cohort with muscle injury [36]. However, these two circulating 
miRNAs are not solely induced upon DILI. Numerous studies 
report increased levels of circulating miR- 122 and miR-192 in other 
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liver diseases such as hepatitis B and C infection [37, 38], hepatocel-
lular carcinoma [39, 40] or nonalcoholic fatty liver disease [41, 42]. 
Therefore, the individual miRNAs seem to be promising biomarkers 
for general liver disease rather than specific for DILI and neither of 
these separately qualifies for differentiating between liver diseases.

Therefore, a panel of 221 miRNAs was screened in a total of 
49 human subjects by qPCR and it was reported that the plasma 
levels of hundreds of miRNAs had increased more than eightfold 
change in patients suffering from APAP overdose [43]. The first 
NGS-based study in this context was conducted by our group, ana-
lyzing the complete circulating miRNome of six accidentally 
acetaminophen- overdosed subjects, including serial samples taken 
at various days during treatment with N-acetyl cysteine. The study 
reported serum elevations of 36 miRNAs (including the liver 
enriched miR-122, miR192, miR-194, miR-210, and miR-483, as 
well as 3 putative novel miRNAs) that returned to baseline after 
N-acetyl cysteine administration. Moreover, we identified varying 
isomiR proportions between healthy and APAP-overdosed sub-
jects and this led to the hypothesis that isomiR fingerprints add to 
the complexity and capability of miRNA-based differentiation 
among liver pathologies [16] (see Sect. 6). Of the 20 most elevated 
miRNAs reported by Ward et al. (2014) only 3 (miR-122, miR- 193, 
and miR-483) were overlapping with the 36 miRNAs identified in 
our study. Surprisingly, Ward et al. did not detect an elevation for 
miR-192, which was highly significant in our study, the study by 
Wang et al. (2009) and Starkey-Lewis et al. (2011). These differ-
ences are most likely due to various quantification methods, study 
designs, and variation in exposure to APAP.

The finding that several miRNAs were affected by APAP- 
overdose suggested that signatures of miRNAs are specific for vari-
ous liver diseases. In a study on miRNA levels in APAP-overdose 
patients with and without organ injury, it was shown that the iden-
tified 16 miRNA signature accurately diagnosed APAP toxicity in a 
test cohort [44] (see Sect. 7). In a NGS study we screened the 
totality of circulating miRNAs in a group of subjects suffering from 
a broader range of liver pathologies, including acetaminophen- 
induced DILI, hepatitis B infection, liver cirrhosis and type-2 dia-
betes. The study revealed a total number of 179 miRNAs being 
altered by the liver pathologies and each disease could be differen-
tiated by specific miRNA signatures with minimal overlap among 
the signatures. Bioinformatics analysis of the miRNA signatures 
and its potential mRNA targets showed that the altered miRNAs 
were in line with the mechanisms of disease [45]. Furthermore, the 
study suggests that varying proportions of isomiRs support the 
discrimination between the liver pathologies.

As liver injury changes the abundance and cargo of liver-born 
extracellular microvesicles [46], several recent studies have been 
exploring the potential of exosomal miRNAs as biomarkers of liver 
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injury [47, 48]. Depending on the type of liver injury— alcoholic 
liver disease or DILI—serum miR-122 and miR-155 were pre-
dominantly present in either the exosome or the protein-rich frac-
tion, respectively [49]. Two independent studies have shown that 
there is no strict correlation between miRNA elevations in serum 
and expression in the liver, supporting the hypothesis of active 
secretion of miRNAs by the liver [43, 50].

Besides miRNAs circulating in blood, also in other biofluids 
detectable levels of miRNAs have been described. A study revealed 
that in urine more than 200 different miRNA species are present. 
This is far less than miRNAs found in serum or plasma, suggesting 
that not all miRNAs are excreted into the urine. However, as urine 
can be collected even easier in a noninvasive manner, urinary miR-
NAs may have great prognostic value [51]. Indeed, a recent study 
investigating circulating miRNAs in APAP-overdosed children 
profiled next to serum also the urinary miRNAs. The study found 
significantly increased levels of four miRNAs (including miR-375) 
in the urine of children with an APAP overdose [52].

In addition to the studies on APAP, a limited number of 
studies have been investigating other hepatotoxic compounds. 
Several studies associated circulating miRNAs with exposure to 
hepatotoxic compounds such as herbal medicines (miR-122, 
miR-192, and miR193) [53], perfluorooctanoic acid (miR-
122, miR-192, miR-26b, miR-28, and miR-32) [54] and Toll-
like receptor (TLR) ligand-induced inflammatory cell-mediated 
liver damage (miR- 122) [49]. Yet another study reported sig-
nificant increases of 28 urinary miRNAs upon carbon tetra-
chloride-induced liver injury [55]. These findings demonstrate 
the potential of miRNAs to not only distinguish between vari-
ous types of liver injury but also between hepatotoxic com-
pounds that induced the liver damage. Table 2 lists important 
studies reporting on circulating miRNAs in drug-induced liver 
injury.

6 Study Case 1

The study by Krauskopf et al. (2015) investigated global circulat-
ing miRNA profiles in serum samples from six subjects with liver 
injury caused by accidental APAP-overdose as well as six healthy 
subjects. Blood samples were taken immediately after the patient’s 
arrival at the hospital as well as during the treatment with N-acetyl 
cysteine (2–6 samples). A single blood sample from each healthy 
subject was used for analysis. After the serum was recovered from 
the total 24 blood samples, circulating miRNAs were isolated with 
the miRNeasy Mini Kit (QUIAGEN, Valencia, CA) and conse-
quently sequenced using the Illumina HiSeq 2000 sequencing 
platform according to the manufacturer’s protocol. After quality 
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assessment and processing of the sequencing data a total of 355 
miRNAs were detected across all serum samples. The statistical 
data analysis revealed that the serum levels of 36 miRNAs, includ-
ing the liver enriched miR-122 and miR-192, were significantly 
elevated in the overdosed subjects and returned to baseline during 
the treatment with N-acetyl cysteine. The set of elevated miRNAs 
was functionally associated with liver-specific biological processes 
and mechanisms of toxicity. Despite the limited number of patients 
investigated, the study suggests that profiles of circulating miRNAs 

Table 2 
Studies on circulating miRNAs in drug-induced liver injury

Compound Species Sample Quantification Altered miRNA levels References

APAP Mouse Plasma qPCR miR-122↑, miR-192↑, miR- 
193↑, miR-483↓ miR-710↓, 
miR-711↓, (total 44)

[8]

APAP Human Plasma qPCR miR-122↑, miR-192↑ [35]

APAP Human Plasma qPCR miR-122↑, miR-193↑, miR- 
3646↑, miR-412↑, miR- 
483↑, miR-885↑ (total >100)

[43]

APAP Human Serum NGS miR-122↑, miR192↑, miR- 
193↑, miR-320↑, miR-483↑ 
miR-885↑ (total 36)

[16]

APAP Human Plasma qPCR miR-122↑, miR-1468↓, 
miR-151a↑, miR-378i↓, 
miR-483↓, miR-885↑ (total 
>100)

[44]

APAP Human Serum NGS miR-122↑, miR-125b↑, 
miR-204↑, miR-30d↑, 
miR-375↑, miR-423↑ (total 
8)

[52]

APAP Human Urine qPCR miR-375↑, miR-302↑, miR-9↑, 
miR-940↑

[52]

Herbal medicines Rat Serum qPCR miR122↑, miR101a↑, miR- 
101b↑, miR192↑, miR193↑, 
miR-200↑ (total 42)

[53]

Perfluorooctanoic 
acid

Mouse Serum qPCR miR-122↑, miR-194↑, miR- 
28↑, miR-295↑, miR-339↑, 
miR-466j↑ (total 73)

[54]

TLR Mouse Plasma/
serum

qPCR miR-122↑ [49]

Carbon 
tetrachloride

Rat Urine qPCR miR-291a↑, miR-296↑, 
miR-31↑, miR-330↑, 
miR-34c↑, let-7b↑ (total 28)

[55]

MicroRNAs as Novel Biomarkers of DILI

minjun.chen@fda.hhs.gov



606

in human serum might provide additional biomarker candidates 
and possibly mechanistic information relevant to drug-induced 
liver injury [16].

7 Study Case 2

Ward et al. quantified 221 miRNAs by real-time PCR in a cohort 
of 49 patients suffering from APAP overdose or ischemic hepatitis. 
The study identified hundreds of miRNAs markedly elevated in the 
plasma or serum of APAP overdose patients. During treatment 
with N-acetyl cysteine most of these circulating miRNAs returned 
to normal levels. Furthermore, a set of 11 miRNAs was identified 
to clearly discriminate between APAP hepatotoxicity and ischemic 
hepatitis. The elevation of certain miRNAs could be detected 
before the rise of ALT, and some miRNAs also responded more 
rapidly than ALT to N-acetyl cysteine treatment. Ward et al. sug-
gest that miRNAs can serve as sensitive diagnostic and prognostic 
clinical tools for severe liver injury and could be useful for moni-
toring drug-induced liver injury during drug discovery [43].

8 Conclusion and Future Perspectives

In summary these studies have shown that circulating miRNAs are 
potentially superior to the conventional biomarkers for diagnosing 
DILI. The liver-enriched miRNA miR-122 has been shown to out-
perform ALT in sensitivity and specificity. Signatures of miRNAs 
enable differentiating between liver pathologies, as well as moni-
toring mechanisms of liver disease. Taken the increasing body of 
evidence that miRNAs are also actively secreted in order to act as 
signaling molecules, miRNAs may hold a major advantage over the 
classical biomarkers as they may detect more sensitively early signs 
of liver diseases occurring before the actual onset of severe liver 
injury that is needed for proteins to leak out of the damaged tissue. 
Furthermore, the observation of specific isomiR proportions 
among different liver diseases adds a new level of complexity and 
opportunities to miRNA-based biomarkers.

Next to these promising findings, miRNAs hold several chal-
lenges that need to be addressed. Foremost is the lack of knowl-
edge when it comes to the biological interpretation of induced 
circulating miRNAs. The function of most miRNAs, particularly in 
the liver and circulation, is still unknown. To fill this knowledge 
gap, more functional studies, including multi-omics studies inves-
tigating the relationship between miRNA, mRNA and proteins are 
needed to improve biological interpretations. Furthermore, several 
of the studies mentioned in this review found contradicting results 
when it comes down to the miRNA signatures. This inconsistency 
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is mainly a result of a lack of standardization. Not only variation in 
preparation of the serum/plasma that possibly leads to contamina-
tion of blood cells is a source of bias. But also different study 
designs, various screening platforms and different data handling 
and analysis influence the outcome of such studies.

The main challenge, however, is to validate and integrate these 
findings within clinical studies where they may serve as early bio-
markers for DILI as well as aid to the treatment of liver injuries by 
monitoring the progress of disease. The personalized effects of 
pharmacotherapy during the curative process could be screened 
and adjusted individually. Furthermore, as a consequence of the 
higher specificity of miRNA-based biomarkers diagnostic misclas-
sifications would be reduced, allowing DILI patients to receive the 
appropriate treatment according to the severity of their liver injury.

In conclusion, the research on circulating miRNAs laid a foun-
dation for a superior diagnostic test based on minimally invasive 
“liquid biopsies” capable of interrogating hepatotoxic mechanisms 
and liver pathology, and possibly, of differentiating between hepa-
totoxic compounds.
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Chapter 29

Systems Microscopy Approaches in Unraveling 
and Predicting Drug-Induced Liver Injury (DILI)

Marije Niemeijer, Steven Hiemstra, Steven Wink, Wouter den Hollander, 
Bas ter Braak, and Bob van de Water

Abstract

The occurrence of drug-induced liver injury (DILI) after drug approval has often led to withdrawal from 
the market. Especially idiosyncratic DILI forms a major problem for pharmaceutical companies. Due to 
its independency of dose or duration of exposure, idiosyncratic DILI is considered as unpredictable. New 
in vitro test systems are now evoking to improve the prediction of DILI in the preclinical phase of drug 
development. Most conventional compound toxicity screening systems rely on single end-point assays 
most of which are based on relatively late-stage toxicity markers. When monitoring key events upstream 
in various adaptive stress signaling pathways combined in a single assay, the sensitivity to pick up hepato-
toxic drugs will be increased while also mechanistic insight will be gained. Integrating with high-content 
imaging (HCI), time and high resolution single cell dynamics can be captured together with features for 
translocation between specific subcellular compartments. Efforts have been made to use specific dyes, 
antibodies or nanosensors in a multiplexed fashion using HCI, to assess multiple toxicity markers. 
However, these markers are still relatively downstream of toxicity signaling pathways which do not pin-
point to the molecular initiation event (MIE) of a drug. Here, we describe the application of a HepG2 
BAC GFP reporter platform for the assessment of DILI liabilities by monitoring key components of adap-
tive stress pathways combining with HCI. Detailed insight in the regulation of these adaptive stress 
pathways during drug adversity can be reached by integrating these reporters with RNAi screening. 
Ultimately, this may lead to the recognition of novel biomarkers which can be used in the development 
of novel toxicity testing strategies.

Key words Systems microscopy, Drug-induced liver injury, Stress-response dynamics, BAC-GFP 
reporter platform, Mechanism-based toxicity screening

1 Introduction

Drug-induced liver injury (DILI) can present in various different 
pathologies: e.g., cholestasis (accumulation of bile), steatosis 
(accumulation of fatty acids) or phospholipidosis (accumulation of 
phospholipids). Mostly, these are mild perturbations, which will be 
counteracted by the target tissue ultimately establishing a new 
physiological homeostasis. However, DILI can also lead to severe 
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liver failure due to a necrotic liver or extensive inflammatory 
responses. Of all liver failures presented in the clinic, >50% are 
caused by drugs [1]. A large amount of these liver failures is caused 
by an overdose of acetaminophen. However, still 13% of all liver 
failures are caused by drugs taken on other prescribed dose regi-
mens [1]. In most cases, these adverse reactions are called idiosyn-
cratic reactions; idiosyncratic DILI (iDILI) occurs in rare cases and 
has a variable latency time. These features are the main reason 
these drugs are missed during preclinical safety testing and that 
liver injury is the leading cause for drug market withdrawal [2].

Cellular and biochemical perturbations that contribute to adverse 
outcomes underlie DILI, primarily in hepatocytes [3]. In the past 
decade, the field of predictive toxicology has initiated the integration 
of mechanistic insights in chemical adversity in toxicological screen-
ing approaches. Adaptive stress response pathways are central in toxi-
cological responses [4, 5]. The amplitude of adaptive stress response 
pathway activation is the determining factor in the switch between 
adaptation and cell death, which makes them essential in toxicity. 
Quantitative assessment of adaptive stress responses and key event 
activation likely will contribute to a more accurate prediction of DILI 
based on mechanistic insight [6].

For quantitatively monitoring the adaptive stress response 
activation in drug safety assessment, systems microscopy will be 
essential. We define systems microscopy as the systematic high-
throughput and high-content quantitative understanding of cell 
biology. Systems microscopy can be used to grasp detailed single 
cell protein dynamics, providing its own niche to cover the mech-
anistic insight spectrum in toxicological screening. Various imag-
ing-based approaches have been established that enable the 
quantification of biological changes during chemical exposure 
[7–20]. These approaches have largely been based on the use of 
specific cell permeable dyes in a multiplexed fashion as indicators 
for the development of cellular injury in real time in combination 
with automated high-content screening (HCS). In these assays, 
cellular structures such as nuclei, mitochondria or the cellular 
membrane as well as specific functional characteristics like trans-
porter activity, or mitochondrial function can be assessed and 
applied in the prediction of DILI [7–17]. While these approaches 
allow the quantification of various biochemical markers for toxi-
cants, these are conventional late markers of cell injury and in 
close proximity to the tipping point toward cell death. These 
markers provide limited insight in adaptive stress response path-
way activation, which typically occurs earlier and at lower concen-
trations and are likely more representative for the mode of action 
(MoA). More MoA-related markers that reflect the adaptive stress 
response pathways may increase the sensitivity to identify hepato-
toxicity liabilities. Ideally, high resolution time dynamics of mul-
tiple key events in the early phase of stress signaling pathways 
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would be monitored on single cell level to improve the prediction 
and understanding of DILI liabilities. In this chapter, we discuss 
the application of fluorescent protein reporter cell lines to monitor 
these adaptive stress signaling pathways using a systems microscopy 
approach to improve DILI liability assessments.

2 Adaptive Stress Response Pathway Activation and DILI

Cellular stress can lead to adaptation via activation of adaptive 
stress responses; however when the cell cannot cope with the sever-
ity of the stress, adaptive stress responses will switch to adversity 
and will induce cytotoxicity. The mechanism of how these stress 
responses exert their function in adaptation is reviewed extensively 
in previous reviews [4, 5, 21–25]. Therefore, here, we will briefly 
discuss four prominent main stress response pathways and their 
involvement in adaptation and relationship to cellular adverse 
outcomes.

Antioxidant response: Xenobiotic exposure can induce large 
amounts of reactive oxygen species (ROS). ROS accumulation 
may affect KEAP1 cysteine residues determining Nrf2 stabilization 
and subsequent nuclear translocation. In the nucleus, Nrf2 tran-
scribes a large battery of antioxidant proteins which can detoxify 
the cell [21]. Yet, when the induced ROS is overwhelming, adap-
tation cannot rescue the overall overt cellular damage, thus leading 
to onset of cell death due to perturbation of both cellular bioener-
getics and redox homeostasis [26]. The Nrf2-dependent oxidative 
stress response exemplifies the relevance of adaptive stress responses 
in the protection against liver injury: Nrf2 knock out mice are 
highly susceptible to various hepatotoxicants [27–29].

ER stress and unfolded protein response (UPR): When cells suffer 
from impaired protein folding, the load of unfolded proteins will 
accumulate in the endoplasmic reticulum (ER). To reduce the amount 
of unfolded proteins, three UPR signaling branches, involving PERK, 
IRE1α, and ATF6 activation, ensure production of chaperones includ-
ing BiP, enlargement of the ER capacity and inhibition of the transla-
tional machinery. In addition, the UPR induces the expression of the 
transcription factor C/EBP homologous protein (Chop). Chop sub-
sequently initiates transcription of target genes that trigger the onset 
of apoptotic signaling [30, 31]. Thus, Chop is a critical factor in the 
switch from adaptation to adversity in the unfolded protein response. 
This is illustrated by studies of Chop knock out mice which have 
reduced liver injury after acetaminophen treatment [32, 33].

DNA damage response: Upon accumulation of single or double 
stranded DNA breaks or covalent modification of nucleotides, 
 various sensor and kinase signaling events result in the accumulation 
of p53. P53 is known as a tumor suppressor as it reduces the effects 
of massive DNA damage [24]. In the adaptive phase it activates cell 
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cycle inhibitors, such as p21, and DNA repair mechanisms. However, 
upon severe DNA damage, p53 is able to transcribe apoptosis regu-
lators as BAX, FAS, NOXA, and PUMA [34]. This results in a key 
role for p53 in the switch between adaptation and cell death by 
apoptosis.

Inflammatory TNFα signaling: Inflammatory signaling is initi-
ated by the production of cytokines by immune cells such as resi-
dent liver Kupffer cells. Proinflammatory cytokine TNFα is able to 
bind the TNFα-receptor which results in NF-κB translocation and 
subsequent target gene expression [25]. Together these target 
genes induce an inflammation response to clear potential cellular 
damage and inhibit the onset of death receptor-mediated apopto-
sis. However, certain cytokine–drug combinations can induce syn-
ergistic cell death, whereby the antiapoptosis signaling by the 
TNFα-receptor is switched to a proapoptotic signaling route [35]. 
This exemplifies the subtle switch from adaptation to adversity by 
otherwise cytoprotective cytokine signaling.

These four adaptive stress responses demonstrate that cellular 
states can easily switch from reestablishment of cellular homeostasis 
after injury to necrosis and/or apoptosis. The amplitude and duration 
of stress response pathway activation are likely critical determinants 
for final cellular outcome. By quantitatively assessing the activation of 
these adaptive stress pathways by candidate drugs using a reporter 
system combined with systems microscopy, insight may be given in 
their DILI liabilities at the early phase of toxicity signaling.

3 A HepG2 BAC-GFP Reporter Platform as a Tool for Predicting  
and Unraveling DILI

To allow the assessment of adaptive stress response activation over 
time, we tagged different key components of the ER stress response, 
oxidative stress response, TNFα inflammation, and DNA damage 
response pathways with enhanced green fluorescent protein (eGFP) in 
hepatocellular carcinoma HepG2 cells. Confocal microscopy enables 
us to monitor live cell dynamics in a high-throughput fashion. GFP is 
integrated with bacterial artificial chromosome (BAC) recombineer-
ing technology: BACs are large plasmids (~150–200 kb) able to carry 
a whole eukaryotic locus including introns and promoter regions. 
In 2008, Poser et al. established a method to apply GFP-tagging of 
BACs in a high-throughput manner [36]. We used this BAC recom-
bineering method to tag different  components of adaptive stress 
responses with GFP [23, 37]. Transfection of BAC-GFP constructs 
allows the incorporation of very large pieces of DNA in the host genome, 
ultimately ensuring control of the engineered genes by the endogenous 
promotor region and other regulatory sequences. In relation to the 
earlier introduced adaptive stress response pathways, we have generated 
a broad range of BAC-GFP reporter lines aimed to capture the 
complexity of DILI [23, 37].
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Below we describe the detailed approach to establish BAC-GFP 
reporters. We introduce these reporters in HepG2 cells, but any 
other cell line can be used.

Both literature and transcriptomics mining allows the discovery of 
hepatotoxic drug responses (e.g., TG-GATES and Drug Matrix) 
and the identification of candidate biomarker genes that can be 
translated into reporter assays [38, 39]. In this way, key regulators 
of specific adaptive stress pathways have been identified. For our 
HepG2 BAC-GFP platform, both early sensors and downstream 
transcription factors along with their subsequent target genes were 
selected to resemble the activation of critical stress response path-
ways at different signaling levels.

Using an online tool (http://www.mitocheck.org/cgi-bin/
BACfinder), BAC constructs that contain the selected human gene of 
interest, containing all the regulatory elements, can be ordered; also the 
necessary GFP overhang primers can be found here. Using a multistep 
cloning strategy, the BAC-GFP fusion plasmid can be generated [36].

HepG2 wild-type cells are seeded in a 6-well plate format and 
simultaneously transfected (Lipofectamine-based) to introduce the 
BAC-GFP construct to the cells. Geneticin (G418) selection is 
used to select BAC-GFP HepG2 positive clones. Monoclonal 
BAC-GFP HepG2 clones are picked (generally 10–24 clones) and 
expanded. PCR is used to confirm correct genomic integration of 
the BAC-GFP. Next, the expression of the target gene (quantita-
tive PCR) and protein (Western blot) is determined to quantify the 
levels of GFP-tagged target gene or protein. The GFP-fusion pro-
tein size should correspond to the corresponding gene fusion 
product. Live cell imaging will then validate a correct localization 
of the GFP-protein fusion, the population variability, and the 
inducibility by xenobiotic treatment. At last, RNA interference 
experiments are performed to verify GFP-target gene specificity. 
See Fig. 1 for an overview of BAC-GFP reporter line generation.

4 Application of BAC-GFP HepG2 Reporters

The BAC-GFP reporter panel covers multiple adaptive stress 
responses (e.g., oxidative stress response, ER stress response, DNA 
damage response and NF-κB signaling) at different signaling levels 
and is able to reveal subcellular localization of the different compo-
nents during stress induction when combined with confocal 
microscopy. Furthermore, intracellular translocation events and 
specific cellular accumulation can be captured with this system. 
The analysis of the GFP signal in each subcellular compartment 
needs a different image analysis strategy which is based on the 
usage of CellProfiler and ImageJ (Fig. 2). Retrieved data sets can 

3.1 Development 
of the Reporter 
Platform

3.1.1 Identification 
of a Stress Pathway 
Specific Biomarker

3.1.2 Cloning 
of the BAC-GFP Plasmid

3.1.3 Transfection 
and Cell Reporter Cloning
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contain cell population as well as single cell features making it 
possible to capture valuable single cell dynamics. Thus, the use of 
high-content high-throughput imaging of BAC-GFP reporter cell 
lines enables identification of spatial–temporal single cell dynamics 
of adaptive stress response cellular signaling underlying DILI.

We see two major application domains for BAC-GFP reporters 
in the context of DILI: prediction and mechanistic understanding. 
The application of the BAC-GFP reporter system in the DILI pre-
diction domain allows to identify the activation levels of multiple 
adaptive stress responses giving a certain MoA toxicity fingerprint 
for each drug. These fingerprints can be linked to DILI liability 
classification and used for future hazard identification of potential 
new drugs. In this way, DILI liabilities can be predicted and simul-
taneously reveal the underlying MoA. The other domain, namely 
the application in mechanistic studies, focuses on the underlying 
cause of toxicity in contrast to DILI predictions and obtains a better 
understanding of why some patients are more prone to develop 
DILI. In addition, this may give more insight in the precise regula-
tion of these adaptive stress responses and their balance between 
adaptation and adversity. Here, we will present examples of the 
application domains of these BAC-GFP reporters.

Fig. 1 Generation of the HepG2 BAC reporter platform. (1) Identifying the target proteins that can serve as 
biomarkers for certain stress responses. (2) Generating the BAC-GFP fusion plasmid. (3) Transfect HepG2 wt 
cells. (4) Selection and clonal expansion. (5) Validation of the HepG2 BAC reporters
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Fig. 2 Overview of HepG2 BAC-GFP reporter platform. Overview of different reporters for the oxidative stress, 
ER stress, DNA damage or inflammation response sensing at different levels with the signaling pathway. 
Depending on the specific reporter, GFP signal can be quantified either in the cytosol, nucleus, in foci or 
alterations in cellular structure can be examined. Each strategy has its own specific segmentation and analy-
sis pipeline. In the end, high-content data can be further processed to obtain time or dose responses, single 
cell tracking, subpopulations identifications or specific translocation in between different subcellular 
compartments
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DILI prediction can make use of features specific to drugs attributed 
as a DILI liability. We performed an imaging-based screen with a set 
of 131 drugs classified as either most-, less-, or non- DILI concern 
by Chen et al. [40] in a broad concentration range using a panel of 
eight different BAC-GFP reporter cell lines. The BAC reporters 
used involved Srxn1 and Hmox1 (oxidative stress); Chop and BiP 
(ER stress pathway); Hspa1b (heat shock response); p21 and Btg2 
(DNA damage); Icam1 (cytokine signaling) (Fig. 3). The responses 
of the different reporters together show clusters of drugs enriched 
for most-DILI classification which activates one or more adaptive 
stress responses. In this way, utilizing a classifier a prediction of the 
DILI liability can be made based on its adaptive stress responses 
activation pattern for newly developed drugs.

A major advantage of the BAC-GFP reporter cell lines is the 
imaging-based assessment of the dynamics of the cellular stress 
response activation. The definition of transcription factor activa-
tion and oscillatory behavior dynamics as well as the rate and 
induction of key-node signaling proteins will be an important 
future application to better understand DILI related stress 
responses. Recently, we used high-content imaging single cell 
temporal dynamics of several BAC-GFP reporters for statistical 
inference and demonstrated the possibility to capture imaging-
based single cell temporal responses in so called base functions 
[41]. Functional data analysis opens up possibilities of detailed 
temporal dynamic information including transcription factor 
translocation rates, calculations of local maxima and oscillatory 
periods or dampening parameters; the latter finds applications for 
oscillatory signaling processes such as observed for NF-κB. Thus, 
we have applied the NF-κB reporter to quantify the oscillatory 
perturbations following exposure to DILI drugs linked to inflam-
matory signaling [42]. Perturbations of NF-kB oscillatory behav-
ior will affect the downstream target gene activation and hence 
affect the biological outcome of cytokine-mediated signaling. 
Here, NF-κB oscillatory behavior in single cells was tracked dur-
ing time-lapse imaging. Our high-content imaging and image 
analysis approach allowed us to define that diclofenac and carba-
mazepine inhibits the oscillatory behavior of NF-κB. This effect 
was associated with a sensitization to TNFα-induced proapop-
totic signaling.

There is a need to gain insight in the underlying mechanisms of 
DILI. One aspect involves the unraveling how drugs perturb the 
cellular physiology and as a consequence switch on cellular stress 
responses that define cellular adaptation or adverse outcomes. Such 
improved mechanistic understanding will identify candidate bio-
markers that can be integrated in safety testing strategies in either 
early drug development or as a part of the investigative toxicology 
tool box [43].

4.1 Drug Testing 
for Cellular Stress 
Pathway Activation 
Supporting 
the Prediction of DILI

4.2 Identification 
of Novel Key 
Regulators of Stress 
Signaling Pathways
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Fig. 3 Heat map of the effect of a set of 131 classified drugs on the activation of multiple adaptive stress 
BAC- GFP reporters. The drug set consists of drugs classified as either most-, less-, or non-DILI. HepG2 
BAC-GFP reporters (BiP-, Srxn1-, p21-, Chop-, HSPA1B-, Btg2-, Hmox1-, and ICAM1-GFP) were exposed for 
72 h to drugs in a broad concentration range (1–100× Cmax) and imaged using confocal microscopy. GFP 
activation levels are depicted as fraction of cells three times above the background levels
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Toxicogenomics has been an efficient means to hypothesize mecha-
nisms [38, 39, 44]. Yet, functional relevance of gene expression 
changes to mode-of-action of toxicity is hard to define. High- 
throughput functional siRNA-based screening provides direct func-
tional insight in the role of individual genes in adverse outcome. We 
have successfully applied targeted RNAi approaches to discern the 
role of oxidative stress and ER stress in onset of DILI [43]. 
Furthermore, we applied a large siRNA survival screen targeting 
individual kinases, phosphatases, and transcription factors, to gain 
deeper understanding of the regulation of the DNA damage response 
in embryonic stem cells [45]. This success allowed us to apply large 
scale RNAi screening to identify the signaling components that 
modulate stress response signaling. For this, we integrate our BAC-
GFP reporters with imaging-based siRNA screening to identify 
modulators of Nrf2, UPR and NF-κB signaling. As an example, to 
unravel novel components that are crucial in the regulation of this 
oscillatory behavior of NF-κB, we have performed an siRNA screen, 
consisting of kinases, ubiquitinases, and Toll-like Receptors/TNF 
receptors, using the HepG2 RelA-GFP reporter cell line. Diclofenac 
pretreatment of HepG2 cells inhibits the oscillatory behavior of 
NF-kB [35]; RNAi is an excellent means to identify modulators that 
cause this effect. Therefore, HepG2 RelA- GFP reporters were pre-
exposed with diclofenac for 8 h and subsequently with TNFα 
(Fredriksson et al., unpublished data). Multiparametric analysis 
revealed the identification of novel genes, including A20, CDK12, 
and UFD1L, that could regulate this oscillatory behavior which may 
ultimately lead to insights why some patients are prone to the devel-
opment of DILI. Using the same approach, key regulators could 
also be identified for other adaptive stress pathways, such as the oxi-
dative stress pathway, using the Srxn1-GFP reporter, and the ER 
stress response, using the Chop-GFP reporter (unpublished data).

Based on improved mechanistic insight, better predictions can be 
made for the development of DILI, especially when this knowl-
edge is placed in a structured adverse outcome pathway (AOP) 
framework. This opens up the opportunity to implement this 
knowledge into a test system for the assessment of DILI liabilities 
and, thereby, improving its accuracy for predictivity. Likewise, sys-
tems microscopy approaches can be used for the development of 
new AOPs. Work by Fredriksson et al. identified underlying molec-
ular mechanisms of the synergistic apoptotic response of hepato-
toxic drugs and TNFα and could be the basis for a novel AOP. 
First, transcriptomic analysis of HepG2 cells treated with synergis-
tic hepatotoxic drugs (such as diclofenac and carbamazepine) with 
or without TNFα at different time points was performed and 
revealed after Ingenuity Pathway Analysis (IPA) the importance of 
EIF2/ER stress signaling, Nrf2-mediated oxidative stress response 

4.2.1 Revealing 
Underlying Mechanisms 
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Stress Response Reporters

4.2.2 Recognition 
of Novel Key Events 
for Adverse Outcome 
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and death receptor signaling in this synergistic apoptotic response. 
Combining siRNA-mediated knockdowns of important genes in 
these pathways with high-content imaging of AnnexinV-Alexa633, 
a dye for apoptosis, and HepG2 oxidative stress GFP reporters, a 
model was proposed whereby compound-mediated activation of 
PERK and Chop together with oxidative stress sensitizes toward 
TNFα-induced apoptotic signaling [43]. This work highlights the 
strength of combining omics techniques and siRNA-based func-
tional microscopy approaches to reveal new insight in the molecu-
lar mechanisms that define drug adversities.

HepG2 cells have reduced metabolic capacity and a lack in the 
resemblance with the liver phenotype [46]. Also the proliferative 
nature of HepG2 hinders chronic repeat testing. To overcome 
these issues, a method to culture HepG2 as spheroids in a 3D 
hydrogel was developed [47]. 3D HepG2 spheroids show enhanced 
metabolic capacity of phase I and phase II metabolizing enzymes, 
functional expression of liver phenotypical properties and enable 
culturing over several weeks due to lack of proliferation. We have 
established the application of our panel of BAC-GFP HepG2 
reporters in 3D spheroids and defined their functionality using 
automated confocal live cell imaging applications. These models 
can be used for repeated dose toxicity evaluation for up to 2 weeks. 
This allowed us to quantify the activation of stress response path-
ways by DILI compounds in 3D spheroids [48]. Our findings 
indicate that 3D BAC-GFP HepG2 spheroids and integration with 
automated imaging, allows for high-throughput assessment of 
DILI liability.

5 Future Directions of DILI Testing Using Fluorescent  
Toxicity Pathway Reporter Technology

We have established the functionality of HepG2 BAC-GFP reporter 
cells to quantitatively assess stress response pathway activation using 
an automated confocal microscopy approach. Moreover, we dem-
onstrated that these reporter cells are a valuable tool for DILI safety 
assessment [37, 49]. In addition, these reporters have further appli-
cation in investigative toxicology as well as mechanistic molecular 
understanding of DILI. While the HepG2 cell line is a robust and 
cheap cell system which allows easy scaling for high- throughput 
screening [50], several issues may require further optimization.

Firstly, we need to address the limitation of the lack of drug 
metabolizing capacity in HepG2 cells and consequences for predict-
ing DILI [51]. Various DILI drugs require metabolism for bioacti-
vation and leading to toxicity [52–54]. By integrating drug 
metabolism in the reporter platform, thus increasing clearance as 

4.3 3D Culture 
HepG2 BAC-GFP 
Reporter System 
with Improved Hepatic 
Phenotype Suitable 
for Long-Term Toxicity 
Assessment
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well as bioactivation capacity, we can address the question what the 
overall consequences will be for sensitivity and specificity of the 
reporter platform.

Secondly, the iPSC model in combination with CRISPR/Cas9 
genome editing technology will allow the generation of iPSC- 
based fluorescent reporter systems. The CRISPR/cas9 tool makes 
it possible to make very specific genomic changes, including inte-
gration of fluorophores [55, 56]. These fluorescent hiPSC report-
ers can then be differentiated in hepatocyte-like cells (HLC), 
proposed as an improved model for toxicity screening [57, 58], 
using established differentiation protocols [59–61]. Further opti-
mization of these differentiation protocols is still ongoing. These 
novel hiPSC derived HLC reporter lines can then be used for high- 
throughput screening. This work will require strong investments 
in generation of reporter systems and reassessing the sensitivity and 
specificity of these new reporters for DILI liability evaluation. 
Regardless of the outcome, these reporters can also be used for the 
generation of other cell lineages representing other target organs.

Thirdly, an advancement in generation of BAC-GFP HepG2 
3D spheroids that contain additional nonparenchymal cell types 
that are critical for DILI, including Kupffer cells, stellate cells and 
endothelial cells, thus creating a microenvironment similar to the 
normal liver [62].

Finally, using either BAC-GFP approaches or CRISPR/Cas9- 
mediated GFP tagging technology will lead to expression of GFP- 
fusion products at the endogenous expression levels. We observed 
differences in the levels of GFP reporter expression, with in par-
ticular transcription factor GFP-fusion products being expressed at 
low levels. This requires in particular high-end image acquisition 
systems to allow sensitive and fast detection of reporters. Moreover, 
high resolution imaging at both the 2D and 3D level will facilitate 
the image segmentation and quantification of GFP-reporter levels 
as well as subcellular localization.

In conclusion, we have established an advanced cell stress 
reporter platform which finds its application in DILI liability evalu-
ation in preclinical drug development. The above innovations will 
likely improve the quality and the applicability of these reporters in 
safety assessment.
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Noninvasive Preclinical and Clinical Imaging of Liver 
Transporter Function Relevant to Drug-Induced Liver Injury
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Abstract

Imaging technologies can evaluate many different biological processes in vitro (in cell culture models) and 
in vivo (in animals and humans), and many are used routinely in investigation of human liver diseases. 
Some of these methods can help understand liver toxicity caused by drugs in vivo in animals, and drug- 
induced liver injury (DILI) which arises in susceptible humans. Imaging could aid assessment of the rele-
vance to humans in vivo of toxicity caused by drugs in animals (animal/human translation), plus toxicities 
observed using in vitro model systems (in vitro/in vivo translation). Technologies and probe substrates for 
quantitative evaluation of hepatobiliary transporter activities are of particular importance. This is due to 
the key role played by sinusoidal transporter mediated hepatic uptake in DILI caused by many drugs, plus 
the strong evidence that inhibition of the hepatic bile salt export pump (BSEP) can initiate DILI. Imaging 
methods for investigation of these processes are reviewed in this chapter, together with their scientific 
rationale, and methods of quantitative data analysis. In addition to providing biomarkers for investigation 
of DILI, such approaches could aid the evaluation of clinically relevant drug–drug interactions mediated 
via hepatobiliary transporter perturbation.

Key words Drug-induced liver injury, Drug labelling, Causality assessment, Hepatotoxicity, 
Hepatobiliary transporters, Bile salt export pump, Gadoxetate, Drug-drug interactions

1 Introduction

Many hundreds of different drugs cause liver injury in humans 
which occurs only infrequently and in certain susceptible individu-
als, and cannot be anticipated from nonclinical safety studies 
undertaken in vivo in experimental animals [1, 2]. Hence their 
ability to cause human drug-induced liver injury (DILI) only starts 
to be appreciated in Phase 2 or Phase 3 clinical trials, or even post-
licensing [2, 3]. The consequences in affected patients may be 
marked symptomatic liver damage, or even acute liver failure, and 
currently it is not possible to predict and identify “at risk” patients 
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prior to their exposure to the relevant drugs [1, 2]. Because of this, 
unexpected “idiosyncratic” human DILI continues to be a leading 
cause of failed development of new drugs, of withdrawal from use 
of previously licensed drugs and of cautionary labeling that restricts 
prescribing [1–5].

The mechanisms by which drugs cause human idiosyncratic 
DILI are complex, and involve both drug-related adverse bio-
chemical processes and susceptibility factors specific to susceptible 
patients [1, 2]. Important drug-related adverse processes which 
can initiate idiosyncratic DILI include formation of chemically 
reactive metabolites, injury to mitochondria, and inhibition of the 
activity of the bile salt export pump (BSEP), which mediates efflux 
of toxic bile salts from hepatocytes into bile [6–8]. The susceptibil-
ity factors that explain why only some patients develop DILI are 
less well defined, although it is clear that these can include activa-
tion of both innate and adaptive immune responses [9].

Several of the key drug-related events that initiate idiosyncratic 
DILI can be quantified using various in vitro assays. These assays 
can be used during drug discovery, to enable early identification 
and deselection of compounds with high propensity to cause DILI 
and other serious adverse reactions [6–8]. Many different method-
ologies have been described, and are used routinely in pharmaceu-
tical companies. They are discussed in Chap. 17 of this volume, by 
Light et al., and can reduce the likelihood that compounds pro-
gressed into clinical trials will cause DILI in humans. However, 
in vitro toxicity assays have several important limitations. The most 
commonly used in vitro toxicity assays fail to reproduce many of 
the key molecular events that influence hepatic drug uptake, bio-
transformation and excretion in vivo. Furthermore, the assays do 
not reproduce all of the mechanisms by which DILI occurs in vivo. 
Consequently, the precise relationship between potencies of effects 
observed in in vitro safety assays and functional consequences that 
may arise within the liver in vivo, and may result in DILI in suscep-
tible drug exposed humans, remains poorly understood.

One approach which can help to address this important trans-
lational gap is medical imaging. Several imaging modalities can 
measure the hepatic uptake and clearance of probe substrates. 
Many are well suited to in vivo studies in animals and humans, 
while others can be utilized in cellular systems in vitro. 
Mechanistically relevant processes include the transporters that 
mediate drug uptake into and excretion from the liver, plus BSEP 
and other hepatobiliary transporters that mediate bile flow. Suitable 
imaging modalities and probe substrates are reviewed in Sect. 2. 
Key issues that need to be considered when generating reproduc-
ible data and undertaking quantitative analyses of imaging data are 
discussed in Sect. 3. These include assessing interaction between 
investigational drugs and the probe substrates used in imaging 
studies. Some of these interactions provide insight into undesired 
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drug–drug interactions and this aspect is addressed in Sect. 4. 
An imaging approach to investigate and characterize liver injury 
with potential to provide novel insight into DILI risk is dynamic 
contrast-enhanced magnetic resonance imaging (DCE-MRI) using 
the contrast agent gadoxetate. This is reviewed in Sect. 5, which 
discusses the value and limitations of the approach. Finally, 
challenges and opportunities in using imaging technologies to 
understand and risk-manage DILI are considered in Sect. 6.

2 Hepatobiliary Imaging Modalities and Tracers

Imaging techniques can measure the appearance of probe sub-
strates in different compartments (blood, hepatocyte, and bile) 
and, if imaging is repeated with high temporal resolution (the so-
called dynamic imaging), then transporter kinetics can be inferred. 
The added value of spatially resolving the liver signal (as opposed 
to simply monitoring tracer disappearance from blood) was recog-
nized over 60 years ago [10], although it is only recently that the 
uptake and elimination rates or kinetics have been employed to 
derive absolute kinetic rate constants. Hepatic uptake of drugs is 
mediated primarily by solute carriers expressed on the sinusoidal 
plasma membrane domain of hepatocytes and is an essential first 
step before DILI can be initiated. Consequently, data provided by 
imaging technologies which provide quantitative insights into 
hepatic uptake transporter kinetics has the potential to improve 
interpretation of the in vivo DILI relevance of in vitro toxicity 
assay data, which currently poses a major challenge (e.g., see 
Chaps. 6, 8, and 17). In addition, inhibition of the activity of the 
biliary efflux transporter BSEP plays a direct role in the mechanism 
by which numerous drugs can initiate DILI, while upregulation of 
the activity of other biliary efflux transporters plays an important 
hepatoprotective role in response to BSEP inhibition by drugs 
[11] (see also Chap. 15). Furthermore, a recent genetic analysis 
undertaken in a Chinese patient cohort has revealed an association 
between genetic variants in the gene encoding BSEP (ABCB11) 
and cholestatic liver injury caused by treatment for between 6 and 
9 months with antituberculous drugs (a combination of isoniazid, 
rifampicin, pyrazinamide, ethambutol, and/or streptomycin) [12]. 
Hence imaging methods that enable direct quantitative evaluation 
of drug-induced hepatic uptake and efflux transporter kinetics 
in vivo, and can be used to investigate perturbation of transporter 
function following administration of test drugs, have the potential 
to improve understanding of DILI mechanisms, and of DILI risk.

Several different imaging modalities can be used to assess hep-
atobiliary transporter kinetics (Table 1) [13]. A suitable imaging 
modality requires sufficient spatial resolution to resolve compart-
ments, and adequate temporal resolution to enable characterization 
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of kinetics. In addition, its signals must penetrate tissue to the 
depth of the liver in the species of interest (e.g., rat, human), and 
the modality must be able to detect exogenous substances which 
are transporter substrates. Ideally the imaging technology, and the 
substance detected, must also be widely available and of sufficiently 
low risk to allow studies to be performed in humans. Exogenous 
imaging substances used at high doses in imaging studies are called 
contrast media or contrast agents: these have the potential to satu-
rate transporters. Conversely, exogenous imaging substances used 
in microdoses are called tracers. Many contrast agents and tracers 
will be discussed below, with priority given to those approved for 
human use as such approval demonstrates successful preclinical to 
clinical translatability for hepatobiliary function assessment.

Each modality exploits the different chemistry of the probe 
substances it detects [14]. Nuclear medicine modalities, i.e., posi-
tron emission tomography (PET) and single-photon emission 
computed tomography (SPECT)/scintigraphy, detect trace (sub-
nanomolar) amounts of a substance radiolabeled with an isotope 
possessing a particular emission characteristic. SPECT studies 
detect gamma-emitting isotopes such as technetium-99m (t½ = 6 h) 
or iodine-123 (t½ = 13 h). PET studies detect positron-emitting 
isotopes such as carbon-11 (t½ = 20 min) or fluorine-18 
(t½ = 110 min). CT and X-radiography can detect high micromolar 
or millimolar amounts of a heavy atom such as iodine in 
 organoiodine contrast agents. MR can detect high micromolar or 
millimolar amounts of substances which accelerate the nuclear 

Table 1 
Imaging modalities used in liver transporter research in rats and humans [13]

Typical region 
electromagnetic 
spectruma

Ionizing 
radiation

Tissue 
depth

Typical spatial 
resolution/mm (human 
liver; rat liver)

Magnetic resonance imaging 
(MRI)

63–500 MHz No Full 2 × 2 × 4; 0.2 × 0.2 × 2

Fluorescence or optoacoustic 500–1000 nm No 20 mm –; 1 × 1

Radiography and X-ray 
computed tomography (CT)

20–50 keV Yes Full 1 × 1 × 1; 0.1 × 0.1 × 0.1

Scintigraphy and single- photon 
emission computed 
tomography (SPECT)

141–159 keV Yes Full 5 × 5 × 5; 0.5 × 0.5 × 0.5

Positron emission tomography 
(PET)

511 keV Yes Full 2 × 2 × 2

aIn the electromagnetic spectrum, a wavelength of 1 m corresponds to a frequency of 300 MHz and an energy of 
1.24 × 10−6 eV
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magnetic relaxation of water protons, such as gadolinium-chelate 
contrast agents. Fluorescence or optoacoustic imaging detects 
chromophores that emit visible or near-infrared light when excited 
by light of a specific wavelength. A final imaging modality, ultra-
sound, will not be discussed further as, although it is used clinically 
to evaluate hepatobiliary structures, there are no known chemis-
tries that could generate hepatobiliary tracers suitable for ultra-
sound studies.

In principle, any adequately nontoxic substance with signifi-
cant clearance through the liver can be used to measure liver trans-
porter kinetics by imaging, provided that the substance is detectable 
using one of the imaging modalities in Table 1 and the mechanism 
of clearance is well understood. Since the 1920s, many tracers and 
contrast agents (Table 2, Fig. 1) have been developed specifically 
for medical imaging of the hepatobiliary system [15]. This allowed 
different medical imaging procedures to be devised, including 
radiographic visualization of the bile duct (cholangiography) and 
gall bladder (cholecystography), or visualization of the bile duct by 
SPECT and scintigraphy (cholescintigraphy) [16]. More recently, 
contrast agents have been developed for liver imaging via MRI, of 
which gadoxetate is most notable. Such agents are taken up by 
normal hepatocytes (but not neoplasms), and appear in the biliary 
tree. Quantitation of their uptake and biliary excretion provides an 
assessment of liver function [17, 18], and (through imaging) a 
functional liver volume. These tracers and contrast agents were 
optimized iteratively by medicinal chemists. For cholangiography, 
cholecystography, and cholescintigraphy, the ideal molecule 
reaches the biliary tree as a bolus requiring both very rapid uptake 
into the hepatocyte and very rapid elimination from the hepatocyte 
into the bile. However, for more modern applications such as 
detecting neoplasms and measuring functional liver volume) the 
ideal molecule is taken up rapidly into the hepatocyte but is elimi-
nated rather slowly, to allow flexibility in the timing of imaging.

Few of the reported tracers and contrast agents are currently 
marketed. Others are or were investigational, or were formerly 
marketed then withdrawn (Table 2). From the perspective of an 
investigator planning a clinical imaging study on transporter func-
tion, a marketed agent is much more appealing than an investiga-
tional or withdrawn agent. The former (such as gadoxetate or 
mebrofenin) can be sourced readily from the pharmacy: ethical 
review would note off-label use of an approved medicinal product 
(with due consideration of radiation dose and other potential 
harms). On the other hand, use of a nonapproved agent (such as 
gadocoletic acid or arclofenin) would introduce many complica-
tions, requiring an IND (investigational new drug) application and 
establishing production according to Good Manufacturing 
Practice. It is for this reason that gadoxetate is of particular 
interest.
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Radiography and CT have been used clinically to evaluate the hep-
atobiliary system, employing contrast agents that assess hepatocyte 
function. The contrast agents for radiography and CT incorporate 
one or two triiodophenyl moieties, providing respectively three or 
six heavy atoms (i.e., nonradioactive 127I) per molecule. Many such 
agents have been developed and marketed (see Table 2) in multiple 
jurisdictions, for cholangiography and cholecystography. These 
include iodipamide [19–21] and iotroxate [22]. These agents are 
cleared via the biliary system and, although there were early studies 
of transport of ipodate, iodipamide [23], and bunamiodyl [24], 

2.1 Radiography 
and CT

Table 2 
Imaging tracers and contrast agents which are liver transporter substrates

Modality: Chemical 
class Currently used in man Investigational or formerly used

MRI: Gadolinium 
chelate

Gadoxetate (Primovist, 
Eovist)

Gadobenate 
(Multihance)

Gadocoletate

Fluorescence Indocyanine green
Fluorescein

Bromosulfophthalein; tauro-nor-THCA-24-DBD; 
5-chloromethylfluorescein diacetate; 
chloromethylfluorescein; dichlorofluorescein

CT: Triiodophenyl Bunamiodyl; iobenzamic acid;iocetamic acid; 
iopanoic acid; ipodic acid; iophenoxic acid; 
iopronic acid; tyropanote; iosumetic acid; 
phenobutiodil; RCK-136

CT: Bistriiodophenyl Iodipamide 
(Cholografin)

Iotroxinate (Biliscopin)

Iodoxamate; ioglycamic acid; iosefamate; 
iosulamide

SPECT: 99mTc 
iminodiacetic acid 
conjugates

[99mTc]disofenin 
(Hepatolite)

[99mTc]mebrofenin 
(Choletec)

[99mTc]arclofenin; [99mTc]bultifenin; [99mTc]etifenin; 
[99mTc]galtifenin; [99mTc]iprofenin; [99mTc]
lidofenin

SPECT: 
Radioiodophenyl

[131I]iodipamide; [123I]iodoxamate; [131I]ipodate; 
[131I]ioglycamate; [131I]rose bengal

SPECT: 99mTc 
pyridoxal derivative

[99mTc]-N-pyridoxyl-5- 
methyltryptophan

PET: [11C]-labeled 
therapeutic drug or 
metabolite

[11C]dehydropravastatin; [11C]erlotinib; [11C]
metformin; [11C]rosuvastatin; [11C]SC-62807; 
[11C]telmisartan; [11C](15R)-16-m-tolyl- 
17,18,19,20-tetranorisocarbacyclin methyl ester

PET: [11C]-labeled 
bile acid derivative

N-[Methyl-11C]cholylsarcosine; N-[methyl-11C]
taurocholic acid; N-[methyl-11C]taurolithocholic 
acid; N-[methyl-11C]tauroursodeoxycholic acid

References are cited in Sect. 2
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the clearance of biliary CT agents remains poorly understood [19] 
and does not yet provide specific information on liver transporters; 
rather, these tracers are used primarily for gross assessment of the 
biliary tract. Most have now been withdrawn from the market 
because of nephrotoxicity or lack of demand. However, iodipamide 
[25] and iotroxate [26] are still marketed in some jurisdictions.

Several gadolinium chelates have been rationally designed for liver 
MRI. These agents are detected in MRI because they are effective 
at enhancing the nuclear magnetic relaxation of water protons, i.e., 
they have high relaxivity.

Gadoxetate [27] and gadobenate [28], which undergo partial 
hepatocyte-mediated elimination, are approved for use in multiple 
jurisdictions. Gadoxetate is FDA-approved for detection and char-
acterization of focal liver lesions and exhibits high biliary clearance. 
Gadoxetate also has affinity for various liver transporters in multi-
ple species (human OATP1B1, OATP1B3, MRP2, and NTCP; rat 
OATP1a1, Mrp2, Mrp3, and Oatp1A2) [29–32], and has been 
used preclinically and clinically to investigate liver transporter dys-
function or inhibition that may decrease hepatobiliary function or 

2.2 MRI

Fig. 1 Tracers and contrast agents used for liver transporter assessment in vivo. (a) [99mTc]-Mebrofenin 
(scintigraphy/SPECT). (b) Gadoxetate disodium (MRI). (c) Iotroxate (radiography/CT). (d) [99mTc]-N-Pyridoxyl- 
5-methyltryptophan (scintigraphy/SPECT). (e) [11C]-N-Methyl-cholylsarcosine (PET). (f) Indocyanine green 
(optical)
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cause cholestatic injury [32, 33]. This area of research is develop-
ing rapidly and is discussed further in Sect. 4.

Mangafodipir, a manganese chelate, was previously used for 
detection of liver lesions: it releases Mn2+ which is taken up by 
functioning hepatocytes [34, 35] through calcium channels, 
although the exact transporters and channels are not known. It is 
no longer marketed.

Fortuitously, iodine has several radioactive isotopes suitable for scin-
tigraphy/SPECT (iodine-123, and formerly iodine-131 which is no 
longer used to high β radiation) or PET (iodine-124). Several of the 
triiodophenyl-based radiographic contrast media have also been syn-
thesized with radioiodine for nuclear medicine: indeed, the first 
imaging agent used for hepatobiliary function was [131I]rose bengal 
[10]. Use of SPECT or PET rather than CT is advantageous, as the 
high doses of contrast agent required for CT/radiography may be 
nephrotoxic, while PET and SPECT tracers are used at much lower 
doses and hence incur no risk beyond the ionizing radiation. 
Subsequently, 99mTc-chelate-based cholescintigraphy tracers were 
rationally designed [36]. The most important series incorporates an 
iminodiacetic acid 99mTc-chelate. Of these, [99mTc]mebrofenin [37] 
and disofenin [38] are marketed in some jurisdictions. An alternative 
technetium chelate chemistry uses pyridoxal derivatives [39]: 
[99mTc]N-pyridoxyl-5-methyltryptophan ([99mTc]PMT) [40, 41] is 
used clinically in Japan. Human hepatic uptake of [99mTc]PMT is 
mediated by OATP1B1 and OATP1B3, while its efflux into bile is 
via MDR1 and MRP2 [42]. [99mTc]mebrofenin is used in assessment 
of liver function and functional liver volume before and after surgery 
and has also been used to investigate hepatobiliary transporter dys-
function in vitro and in vivo [43, 44]. [99mTc]mebrofenin is almost 
exclusively taken up into the liver by OATP1B1 and OATP1B3 and 
is excreted into the bile primarily by MRP2 [44–46].

[99mTc]sestamibi is marketed in several jurisdictions for assess-
ment of myocardial function, and also has been used in vitro to 
study basolateral efflux [46]. [99mTc]sestamibi likely enters hepato-
cytes passively and undergoes partial fecal clearance, as efflux is 
modulated by hepatocyte P-gp and the tracer undergoes preferen-
tial basolateral efflux into the bile. [99mTc]galactosyl-human serum 
albumin is also used in Japan [17, 47] to assess liver function, but 
is not a known transporter substrate.

Gadolinium has a gamma-emitting isotope (gadolinium-153), 
so gadolinium-chelates can be detected using scintigraphy/
SPECT, although the rather long half-life of this isotope 
(t½ = 270 d) restricts its use to animal studies [48].

More recently, specific transporter-targeted positron-emitting 
tracers have been synthesized and used in animals or man, with 
particular emphasis on hepatobiliary transporters, although none 

2.3 Scintigraphy 
and SPECT

2.4 PET
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has yet gained regulatory approval for use as a diagnostic product. 
Several of these (Table 2) are carbon-11 versions of small molecule 
drugs or drug metabolites which are known liver transporter sub-
strates (e.g., erlotinib [49]; metformin [50], rosuvastatin [51], 
dehydropravastatin [52], telmisartan [53], and celecoxib metabo-
lite [54]). 11C-labeled bile acid derivatives have also been synthe-
sised, such as [11C]cholylsarcosine [55–57]; these have been used 
to investigate the kinetics of hepatobiliary tracer uptake and 
secretion in healthy pigs and humans in vivo, and to quantify per-
turbations that occur in patients with cholestasis.

Fluorescent tracers offer the ability to image hepatobiliary pro-
cesses at a cellular resolution and in real time, thereby granting 
opportunities to gain insights into detailed mechanistic perturba-
tions of drugs on a high throughput level. Therefore they are well 
suited to in vitro studies of isolated cells or cell aggregates that can 
be imaged directly, although in general they are not appropriate for 
in vivo studies of cells within the liver or other internal organs. 
Methodologically, direct immunofluorescent antibody-based 
imaging of multiple transporters can answer whether the total 
amount of protein or localization (e.g., downregulation or recep-
tor internalization) has occurred (e.g., [58, 59]), whereas studies 
undertaken with fluorescein analogues and fluorescently tagged 
bile acid derivative probes enable kinetic measures of uptake and 
efflux transport rates.

Each fluorescent probe has its own characteristic transporter 
substrate affinity, which may vary depending on the species and 
complexity of the transport system that is investigated. Cholyl-
lysyl-fluorescein (CLF), a bile acid analogue, is a particularly widely 
used probe, with data that have spanned in vitro and in vivo studies 
involving both animals and humans. CLF is an OATP1B3, MRP2, 
and MRP3 substrate [60]. Measurement of drug inhibition of 
CLF transport has been used to discern cholestatic mechanisms 
[61, 62], and a positive association has been demonstrated between 
cholestatic DILI in humans and inhibition of apical CLF efflux 
from rat hepatocytes in sandwich culture [63]. Moreover, CLF 
has been shown to have 100% sensitivity when used to detect liver 
cirrhosis in patient cohorts [64, 65].

Additional fluorescent substrates have also been developed for 
examining specific uptake and efflux transporter routes. Sodium 
fluorescein is an OATP1B1, OATP1B3, and MRP2 substrate and 
has been used effectively in vivo to study impaired hepatic transport 
in animals [66]. Similarly, a fluorescent bile acid derivative (N-(24-
[7-(4-N,N-dimethylaminosulfonyl-2,1,3-benzoxadiazole)]amino-
3α,7α,12α-tr ihydroxy-27-nor-5β-cholestan-26-oyl)-2 ′-
aminoethanesulfonate) may be used to investigate NTCP-mediated 
uptake in both primary rat and human hepatocyte suspensions, and 
apical efflux from hepatocytes cultures in sandwich configuration 

2.5 Fluorescence
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which is presumed to be mediated by BSEP [67]. 5-Chloromethyl-
fluorescein diacetate, a fluorescein analog, is an example of a reagent 
that can freely diffuse into hepatocytes and is then metabolized to 
glutathione methylfluorescein, a cell-impermeant fluorescent prod-
uct and Mrp2 substrate [68]. Finally, 5-(and 6)-carboxy-2′,7′-
dichlorofluorescein has been used to quantify Mrp2 efflux from 
primary rat hepatocytes cultured in sandwich configuration, and 
inhibition of this process by drugs and their metabolites [69]. 
Interestingly, such reagents can also be used alone or in combination 
with bright field time course imaging to study the dilation and con-
striction dynamics of the bile canaliculi, which have recently been 
shown to be altered by cholestatic drugs [70].

Indocyanine Green (ICG) is transported by OATP1B3 and 
NTCP [45], and is established for estimating global liver function. 
Feng et al. [71] demonstrated improved accuracy of predicting 
3-month mortality in acute liver failure patients, using a combina-
tion of ICG clearance measured with a pulse spectrometer and the 
model-for-end-stage liver disease (MELD) score, when compared 
to conventional scores. Subsequently, this result was extrapolated 
further to develop a human ex vivo model for acetaminophen-
induced liver injury, in which ICG clearance was used as the out-
come measure [72]. While probes that are more specific for liver 
transporter dysfunction have been reported, ICG is still used rela-
tively routinely and has been approved for in vivo measurement of 
human hepatic function [73].

3 Quantitative Analyses of Hepatic Imaging Data

Imaging approaches to quantifying transporter expression follow 
the principles of standard pharmacokinetic measurements [74]. 
A suitable probe indicator (Sect. 2) is injected into the bloodstream 
and its concentration “c” in a tissue of interest is measured as a 
function of time “t” (min). The temporal structure of these con-
centration-time profiles is then interpreted using kinetic models of 
the motion of indicator molecules through tissue compartments 
(blood, interstitium, cells, bile, etc.).

Two different types of parameter can be derived from such 
dynamic imaging experiments [75, 76]. The distribution volumes 
“v” (ml/g) measure the space (ml) occupied by the indicator inside 
the compartments in a unit (g) of tissue (examples are plasma, 
interstitial, and intracellular distribution volumes). The transfer 
constants “k” (ml/min/g) measure the indicator flux  (mmol/
min/g) out of a compartment per unit concentration “c” (mM). 
For instance, if ci is the indicator concentration in the interstitium, 
then the indicator flux from interstitium to intracellular space is 
khici. Physiologically, khi is the volume of interstitial fluid (ml) in a 
unit of tissue (g) that is cleared of indicator in a minute. At the low 

3.1 Absolute 
Quantification 
of Hepatocellular 
Transporter 
Expression 
with Dynamic Imaging
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concentrations that are used in imaging experiments it is assumed 
that the transfer constants are not concentration-dependent (lin-
earity). Other parameters can be derived from the transfer con-
stants, such as the hepatic extraction fraction (%), i.e., the 
percentage of indicator molecules that is extracted from the blood 
stream in one pass through the liver [77].

An accurate measurement requires at least two different 
concentration- time curves. One is the tissue concentration c(t), 
which may be measured over the entire liver, an individual lobe, a 
liver segment, a smaller region within a segment or even a single 
imaging voxel (=3D pixel). The second curve, the input function, 
is measured in the arterial or portal venous inlet to the liver. Input 
functions are required as a reference to eliminate effects of systemic 
changes in the circulation, or differences in the way the tracer is 
injected. In measurements that also target perfusion, arterial and 
portal venous input functions are both required to separate out 
their individual contributions. In some cases outlet data are 
needed—in particular for indicators that are excreted from hepato-
cytes through biliary and interstitial routes.

The technical details of the image acquisition have a strong 
effect on parameter accuracy, but choosing the right approach 
involves trade-offs between accuracy, precision, practicality and 
cost. For instance, at higher sampling rates more rapid processes 
can be resolved, but this comes at a cost of image resolution and 
organ coverage. Equivalently, very long data collections (>45 min) 
are required to characterize slow processes such as biliary excre-
tion, but this has significant implications on patient comfort and 
scan costs. Another important consideration in the liver is to mini-
mize the effect of breathing motion, which is detrimental to image 
quality [78]. The best compromise depends critically on the exact 
purpose of the measurement and requires careful application- 
specific optimization.

Clinical evaluation of gadoxetate-enhanced MRI is based on evalu-
ation of imaging features such as observation size, presence of arte-
rial phase hyper- versus hypo- or iso-enhancement, washout 
appearance, capsule appearance, and threshold growth [79]. 
Quantitation of the disposition of the contrast agent can be under-
taken by calculation of maximum relative enhancement (RE) when 
compared with pre-contrast images [29] and measurement of area 
under the curve (AUC) of the liver enhancement. In addition, 
curve fitting of the intensity profile in the liver after a bolus injec-
tion of contrast agent enables estimation of kinetic parameters 
which include rate of hepatic wash-in and wash-out, and hepatic 
extraction fraction [80]. These descriptive analysis techniques can 
exhibit good signal-to-noise ratio and low variance at individual 
sites in comparison to the compartmental modeling techniques 
described in the previous section. However, the results often dis-

3.2 Semiquantitative 
Imaging Analysis
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play a greater dependence on experimental parameters, making 
comparisons between sites difficult and they lack direct relation-
ship to transporter function that can provide additional and useful 
insights into pharmacologically and toxicologically relevant effects 
which otherwise may be difficult to obtain. For example, inhibition 
of hepatobiliary efflux transporters at the apical plasma membrane 
domain of hepatocytes membrane may lead to changes in drug 
exposure in the hepatocyte that have potential toxicological signifi-
cance, but result only in minor changes in drug plasma exposure 
[81] (see also next section).

4 Hepatobiliary Transporter Mediated Drug–Drug Interactions

Hepatocytes express a range of transporter proteins mediating either 
active uptake of drugs/endogenous compounds from the blood 
(e.g., OATP1B1, which is expressed on the basolateral plasma mem-
brane domain) or their active secretion into the bile (e.g., BCRP, 
expressed on the apical plasma membrane domain) [82, 83]. 
Characterization of drug transporters in the liver (also in the intes-
tine, kidney and brain) and their effect on drug pharmacokinetics 
and drug–drug interaction (DDI) risk is now an integral part of 
drug development, and is required by regulatory agencies [84–86]. 
P-gp (MDR1/ABCB1), BCRP, OATP1B1, OATP1B3, OAT1, 
OAT3, and OCT2 are currently identified as key transporters for 
screening in drug development, with increased recognition of the 
clinical relevance of other transporters (e.g., MATE, BSEP, and 
OATP2B1) [87, 88]. Increasingly, clinical evidence raises concerns 
about transporter-mediated DDIs, where changes in drug exposure 
in blood or plasma (commonly used as metric) may not be reflective 
of the changes in the tissue/cellular drug exposure (local DDI) that 
may have consequences on drug safety and efficacy. For example, 
modulation of OCT/MATE transporters has resulted in minimal or 
no changes in metformin systemic exposure in a number of cases, yet 
modified glucose lowering effect was reported (which was attributed 
to modified liver exposure to metformin) [88].

In addition to the important role of transporters, hepatic drug 
exposure may be influenced by passive diffusion through biological 
membranes, intracellular binding, metabolism and organelle 
sequestration (Fig. 2) [82]. In recent years, a range of cellular sys-
tems have been used to characterize complex interplay of these 
processes in vitro. These range from transporter-transfected cell 
lines to three-dimensional microphysiological systems; although 
the utility of the latter as a tool for quantitative in vitro metabo-
lism/transporter evaluation and in vitro/in vivo translation is yet 
to be established [89–91]. Characterization of transporter–metab-
olism interplay in these holistic in vitro systems is supported by 
mechanistic modeling of in vitro data, which allows estimation of 
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Fig. 2 Processes affecting intracellular drug concentration in the hepatocyte [82]
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transporter kinetic parameters (e.g., Km, Vmax, and ki) to be used 
subsequently for translational purposes in physiologically based 
pharmacokinetic (PBPK) models [92–94].

One of the key advantages of PBPK modeling is the ability to 
simulate and interpret concentration-time profiles in the tissues of 
interest (in addition to plasma). This modeling approach is 
extremely useful to improve our understanding of the rate- 
determining process driving hepatic exposure of a drug, i.e., 
whether this is uptake, efflux/metabolism or a composite of mul-
tiple processes. It also provides mechanistic insight into in vivo 
consequences that arise when individual disposition processes are 
perturbed [81, 82, 94–97]. For example, active uptake via OATPs 
from the blood into hepatocytes is the major process leading to 
high unbound liver–blood concentration ratio of many statins 
(e.g., simvastatin acid). In such cases, reduced activity in OATP1B1 
transporter (due to either transporter inhibition or polymorphism) 
results in increased systemic exposure of simvastatin acid and 
increased risk of myopathy [95] (see Fig. 3). For drugs predomi-
nantly eliminated via liver, the effect of reduced OATP activity on 
liver exposure (AUCliver) is expected to be marginal, as this param-
eter is determined primarily by either metabolic clearance (in case 
of simvastatin acid) or biliary excretion (BCRP-rosuvastatin, 
MRP2-pravastatin) [81, 82, 95–98]. In contrast, inhibition of bili-
ary transporters (MRP2, BSEP) or metabolic enzymes (CYP3A4) 
may lead to changes in drug exposure in the liver and consequently 
even to hepatotoxicity, with only minor changes in drug plasma 
exposure. Verification of these PBPK model-predicted changes in 
tissue exposure is challenging. In the case of statins, clinical data 
provide indirect evidence to support this, as enhanced cholesterol 
reduction (associated with higher liver exposure of simvastatin) was 
reported in DDI studies with CYP3A4 inhibitors [95]. For certain 
drugs (e.g., repaglinide) delineation of the rate limiting step is 

Fig. 3 Simulated concentration-time profiles for simvastatin acid (SVA) in plasma, liver tissue and muscle tis-
sue for individuals with the homozygous wild-type TT (black line) and homozygous variant CC (red line) 
SLCO1B1 c.521T>C. Full symbols represent observed mean ± SE plasma SVA concentrations for individuals 
with the TT (black circles) and CC (red circles) genotype [95]

J. Gerry Kenna et al.

minjun.chen@fda.hhs.gov



641

not as straightforward as in the case of simvastatin acid, as hepatic 
disposition is a composite of multiple contributing processes. 
Drugs like repaglinide highlight the utility of PBPK modeling to 
gain mechanistic insight into interplay of processes and prediction 
of DDI risk [97].

In all the cases above, quantification of drug exposure in the 
liver (and other tissues) is crucial to support modeling and simula-
tion efforts. Emerging data on tissue concentrations obtained by 
advanced imaging methods [33, 99], in conjunction with mecha-
nistic PBPK modeling, is envisaged as a powerful tool to improve 
predictability and understanding of implications of transporter- 
mediated tissue distribution and interactions.

5 Liver Imaging with Gadoxetate

The disodium salt of gadoxetic acid (gadoxetate, gadolinium- 
ethoxybenzyl- diethylenetriaminepentaacetic acid, SH L569 B, 
Gd-EOB-DTPA) is marketed by Bayer as Primovist® in Europe 
and Japan and as Eovist® in the USA and has been clinically 
approved as a liver-specific contrast agent for detection of focal 
liver lesions by magnetic resonance imaging. Gadoxetate exhibits a 
favorable safety profile [29, 100–104]. It has been demonstrated 
that gadoxetate does not trigger nephrogenic systemic fibrosis 
(NSF), even in the presence of moderate to severe renal impair-
ment [105, 106], as a result of its dual excretion pathway. Recently, 
trace amounts of gadolinium have been detected in the brain of 
patients after several injections of the linear gadolinium-containing 
contrast agents gadodiamide, gadopentetate dimeglumine, gado-
benate dimeglumine, and gadoversetamide. For gadoxetate, one 
report has indicated a correlation between the number of prior 
gadoxetate administrations and increase signal on nonenhanced 
T1-weighted images in the dentate nucleus [107], while a second 
report did not find such a correlation [108]. Currently it is not 
known whether persistence of gadolinium in the brain following 
therapeutic administration of contrast agents is associated with 
adverse health consequences.

Gadoxetate combines the well-established imaging characteris-
tics of extracellular nonspecific gadolinium contrast agents during 
dynamic phases with further imaging information during the hepa-
tobiliary disposition phase. This enables enhanced detection, 
 classification and characterization of focal liver lesions, as well as 
improved assessment of liver function in diffuse liver diseases. 
Gadoxetate-enhanced liver MRI is most commonly used for clini-
cal diagnosis of hepatocellular carcinoma, classification of focal 
liver lesions and cirrhotic nodules [109], but also is used in a large 
number of further conditions [110]. The possibility to distinguish 
between benign and malignant liver tumors, due to differences in 
accumulation of gadoxetate in hepatocytes, allows imaging based 

5.1 Current Clinical 
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formulation of the therapeutic strategy [110, 111]. For instance, 
hemangiomas and focal nodular hyperplasia do not require any 
therapeutic intervention, whereas adenomas possess a risk for 
malignant transformation, and therefore require treatment [112]. 
Dynamic hepatocyte contrast enhanced MRI is a valuable tool for 
the assessment of liver volume and liver functional capacity in 
patients with primary sclerosing cholangitis [113]. Gadoxetate 
uptake and enhancement in patients with diffuse chronic liver dis-
ease is generally lower than in healthy individuals, due to differ-
ences in transporter number or activity. Therefore it allows 
differentiation between two subgroups of nonalcoholic fatty liver 
disease, plus between simple steatosis and nonalcoholic steatohep-
atitis [114]; and also can be used for assessment and staging of 
fibrosis [76] and cirrhosis [115], as well as in predicting liver trans-
plant graft survival [116]. In addition, gadoxetate enhanced MR 
imaging together with T2-weighted MR cholangiography may be 
a useful tool in providing information about the biliary system, like 
biliary injury, bile duct obstruction, diagnosis of cholecystitis, and 
differentiation of biliary from extrabiliary lesions [117, 118].

Hepatocellular uptake of gadoxetate from blood is mediated in 
humans by the sinusoidal solute carriers OATP1B1, OATP1B3, 
and NTCP [119]. Its active secretion into bile in rats is via the api-
cal transporter Mrp2 [120] and it is presumed that the human 
ortholog (MRP2) mediates its biliary excretion in humans. The 
extensive biliary clearance of gadoxetate (healthy human: 50% of 
administered dose [101]) facilitates its use for evaluation of hepa-
tobiliary transporter inhibition by drugs as a DILI risk factor [32, 
33]. This aspect is discussed further in the next section. In addi-
tion, gadoxetate-enhanced MRI was successful in prediction of 
hyperbilirubinemia which occurred during treatment of hepatitis C 
patients with a triple therapy of simeprevir, pegylated interferon 
plus ribavirin [121]. Simeprevir is a substrate of the same trans-
porters for hepatic uptake and excretion as gadoxetate [121]. In 
rats, a transient impairment of bile flow induced with a single dose 
of estradiol-17β d-glucuronide was associated with a sixfold 
decrease in gadoxetate elimination rate [122]. Prednisolone, doxo-
rubicin hydrochloride, cisplatin, and propranolol hydrochloride 
can lead to a slight but significant increase in the hepatic MRI 
enhancement observed following administration of gadoxetate to 
rats, most likely due to the longer retention of the contrast agent 
in hepatocytes because of its competition with these drugs for bili-
ary excretion into the bile duct [123].

The investigational drug used in these studies [33] is a chemokine 
receptor antagonist (CKA) whose intended clinical use was in the 
treatment of systemic inflammatory diseases. Livers from rats dosed 
orally with the compound for 7 days exhibited dose dependent cen-
trilobular degeneration and necrosis, which was accompanied by 
neutrophil infiltration and associate sinusoidal congestion. These 

5.2 Effects 
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Clearance of an 
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abnormalities in liver histopathology were accompanied by marked 
elevations in plasma levels of alanine aminotransferase activity, bili-
rubin and bile acids, which also exhibited clear dose dependency. In 
vitro studies revealed that the CKA was a potent inhibitor of human 
OATP1B1 (IC50 <3 μM), plus a less potent inhibitor of both rat 
Mrp2 (IC50 69 μM) and rat BSEP (IC50 130 μM).

To investigate whether these in vitro findings might have 
in vivo functional relevance, anaesthetized rats were given either a 
single dose of gadoxetate alone, or CKA plus gadoxetate, then 
were evaluated by DCE-MRI [33]. Imaging data are shown in 
Fig. 4. The data were quantified following development of a non-
linear two-compartment model. This provided a good description 
of gadoxetate disposition in animals dosed with the contrast agent 
alone, and yielded a rate constant for its hepatic uptake and 
Michaelis–Menten constants (Km and Vmax) for biliary secretion. 
Coadministration of the CKA with gadoxetate resulted in marked 
inhibition of the rate of hepatic uptake of gadoxetate, plus resulted 
in a reduced Vmax and increased Km for biliary gadoxetate excre-
tion. These effects were dose dependent and correlated well with 
the abnormalities in plasma bilirubin and bile acids observed in rats 
dosed for multiple days with the CKA.

These findings suggest that gadoxetate DCE-MRI can charac-
terize functional consequences in vivo of compounds that perturb 
hepatobiliary transporters. Furthermore, since gadoxetate is 

Fig. 4 Examples of dynamic images for animals treated with vehicle (top), 200 mg/kg (middle) or 500 mg/kg 
(bottom) CKA at t = 0, 6, 18, 30, 42, and 60 min after contrast injection. Note the enhancement of the small 
bowel lumen at about 30 min after contrast injection and also the reflux of gadoxetate into the stomach at the 
end of the acquisition in the vehicle treated animal. No enhancement was observed in the bowel of the animal 
treated with 500 mg/kg CKA. From [33]. Reproduced by permission of John Wiley & Sons
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already used clinically to aid the assessment and management of 
liver disease in patients, this may be a translatable biomarker that 
can aid human risk assessment of new investigational drugs during 
clinical trials [33].

6 Future Opportunities and Challenges

Many different imaging methodologies and probe substrates have 
been used to explore processes in the liver that may be relevant to 
DILI. These methods could provide important additional tools to 
detect and investigate DILI, and to gain new insight into underly-
ing mechanisms and susceptibility factors.

An especially promising method is gadoxetate DCE-MRI. 
This is due to the current widespread use of MRI in human liver 
disease diagnosis and management, plus the very promising data 
already obtained in rats dosed with an investigational drug that 
inhibited several hepatobiliary transporters and caused liver injury 
[33] (see Sect. 5). Nonetheless, substantial further work is required 
to develop and validate the use of gadoxetate DCE-MRI for DILI 
risk assessment in animals, and also as a translational biomarker 
technology that can be used during clinical trials. It is intended 
that the necessary additional work will be undertaken as part of the 
TRISTAN project, which is a large collaborative public-private 
partnership that is cofunded jointly by the European Union and 
industry via the Innovative Medicines Initiative [124]. The 
TRISTAN project will also investigate the potential value of gadox-
etate DCE-MRI for the assessment of undesired and clinically 
important drug–drug interactions that occur via hepatobiliary 
transporter perturbations (see Sect. 4).

A limitation of gadoxetate DCE-MRI is that, since gadoxetate 
is not transported by BSEP, it does not enable direct investigation 
of drug-induced inhibition of BSEP activity, which is considered to 
play an important role in DILI caused by many drugs [11]. Other 
probe substrates that are transported by BSEP, and ideally are 
BSEP-specific, are needed. The chemistries described in Sect. 2 
might provide compounds suitable for this purpose. Imaging stud-
ies undertaken using a BSEP probe substrate could improve our 
understanding the in vivo significance of in vitro BSEP inhibition 
data, and in particular the relationship between BSEP inhibition 
and DILI.

The present chapter covers hepatobiliary transporter interac-
tions, and their role in DILI and drug–drug interactions. Imaging 
probes and technologies that evaluate other processes relevant to 
DILI would be complementary. Processes meriting particular 
attention include oxidative stress and inflammation, in view of their 
known role in DILI pathogenesis [1, 9].
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