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Abstract

Hepatotoxicity is one of the most frequently observed adverse effects resulting from exposure to a
xenobiotic, for example, in pharmaceutical research and development it is one of the major reasons for drug
withdrawals, clinical failures, and discontinuation of drug candidates. The development of faster and cheaper
methods to assess hepatotoxicity that are both more sustainable and more informative is critically needed.
The biological mechanisms and processes underpinning hepatotoxicity are summarized and experimental
approaches to support the prediction of hepatotoxicity are described, including toxicokinetic considerations.
The paper describes the increasingly important role of in silico approaches and highlights challenges to the
adoption of these methods including the lack of a commonly agreed upon protocol for performing such an
assessment and the need for in silico solutions that take dose into consideration. A proposed framework for
the integration of in silico and experimental information is provided along with a case study describing how
computational methods have been used to successfully respond to a regulatory question concerning non-

genotoxic impurities in chemically synthesized pharmaceuticals.
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1. Introduction
Development of alternative approaches for the evaluation of organ toxicity is driven by the ongoing general

paradigm shift in toxicology that aims at identifying, developing, and applying more sustainable and practical
methods that can limit animal testing [1-6]. Recently, the concept of new approach methodologies (NAM)
has been introduced to indicate any technology, methodology, approach, or combination thereof that can
be used as (replacement, reduction or refinement) alternatives to animal testing (e.g., in silico, in chemico
and in vitro methods) supporting chemical hazard and risk assessment [7,8]. NAMs may also involve the use
of in vivo methods such as those with phylogenetically lower animals or those that help to replace, reduce,
and refine animal usage [9]. In silico methods that aim at predicting the toxicity of chemicals from their
structure play an important role in NAM workflows and are capable of providing information to complement
and ultimately enhance the reliability of the human health hazard assessment of chemicals. They can
contribute to an understanding of the structural and mechanistic basis underlying toxicity and give insights

for the development of testing strategies or for an overall weight of evidence (WoE) evaluation [10].

In silico toxicology (IST) methods include category formation (i.e., chemical grouping), read-across, expert
rule-based systems (i.e., structural alerts), and statistical-based systems (i.e., Quantitative Structure-Activity
Relationship (QSAR)) [10]. Other computational approaches used in toxicology practice include dose-
response and time-response models, biokinetic models and uncertainty factors (e.g., assessment,
extrapolation, and risk factor) models [11]. Mechanistic understanding is recognized as a key element for the
successful use of NAMs for chemical safety assessment [12] and, as such, the development of predictive in
silico approaches needs to take into consideration the increasing knowledge of the underlying biological
pathways leading to adverse outcomes and the links between chemistry and the biological activity that

triggers these pathways.

Efforts are underway to establish IST protocols, namely standardized approaches for the prediction of toxicity
from a chemical structure. Their objective is the definition of in silico assessment methodologies for various
endpoints using principles that ensure that results can be generated, recorded, communicated, archived, and
then evaluated in a uniform, consistent, and reproducible manner [10]. IST protocols build on structured
hazard assessment frameworks as shown in the genetic toxicology and skin sensitization protocols [13,14] or

as discussed in relation to the development of IST protocols for carcinogenicity [15].

The present work focuses on hepatotoxicity and aims at building a robust and pragmatic framework upon
which IST protocols for organ toxicity can then be established; toxicity to other major target organs (heart,
kidney, lung and nervous system) is discussed elsewhere [16,17]. This manuscript outlines a series of
potential applications of the protocols, then summarizes general concepts concerning the state-of-the-
science and organization of knowledge related to organ toxicity, and reviews liver toxicity to provide context

to the endpoints requiring prediction. This introductory review is aimed to provide a framework for applying
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computational models in the context of existing knowledge on liver toxicity and the underlying mechanisms.
Current in vivo and in vitro methods are discussed as this information is essential to incorporate within the
weight of evidence in any hazard assessment as well as supporting the development of IST methods. The
current advances in the understanding of the molecular pathways and events underlying pathogenesis of
hepatotoxicity are discussed alongside the identification of challenging issues and limitations for the
development of in silico models. A proposed IST framework for liver toxicity is presented and its use
illustrated with a regulatory submission case study describing a response to a question from a regulatory

authority.

1.1 Examples of potential protocol use
The use of in silico methods for the assessment of potential organ toxicity of chemicals is of interest for

different industry sectors (e.g., pharmaceuticals, cosmetics, agrochemicals), where these approaches can be

employed in the context for both product development and regulatory purposes (see Table 1). It is essential

any eventual IST protocol addresses issues important to its adoption in these different situations.

Table 1. lllustrative cases of application of in silico methods (and corresponding IST protocol) for liver toxicity.

Context

Discussion

Non-genotoxic impurities in
chemically synthesized
pharmaceuticals

In the regulatory context of pharmaceuticals, International Council for Harmonization
of Technical Requirements for Pharmaceuticals for Human Use (ICH), ICH Q3A and ICH
Q3B guidelines address qualification of non-genotoxic drug impurities. Qualification is a
process of acquiring and evaluating data that establishes the biological safety of an
individual impurity or a given impurity profile at the level(s) specified. This process
should result in a rationale for establishing impurity acceptance criteria that includes
safety considerations [18,19]. According to these guidelines, when non-genotoxic
impurities (NGIs) above the qualification threshold lack impurity-specific safety data,
additional safety testing should be considered. Practices vary across different regulatory
regions, but a recent reflection paper on the qualification of NGIs by the European
Medicines Agency (EMA) discusses the use of an integrated risk assessment, where
alternative strategies including (Q)SAR, Threshold of Toxicological Concern (TTC), read-
across, and in vitro approaches can collect impurity-specific safety information that can
be used to decide whether the NGI may be considered safe at the specified level [20].
More specifically, the EMA reflection paper considers the use of in silico methods (e.g.,
QSAR) to evaluate the pharmacological and toxicological properties of the NGI,
acknowledging both the lack of standardized protocols and the worldwide efforts to
develop such protocols [10]. Several factors, including the intended use and route of
administration of the pharmaceutical and existing knowledge on similar substances,
drive the selection of endpoints of interest for the assessment. In silico toxicology
predictions of endpoints related to organ toxicity are beneficial and may be included in
the safety profile and embedded WoE approach and/or used as a flag for further
investigations and testing.

Extractables & Leachables

Toxicological risk assessment of extractables and leachables for medicinal products is
becoming an important issue in the regulatory framework [21]. Industry has to evaluate
potential toxic or harmful substances that can migrate into a product from the packaging
materials such as drug delivery systems, and medical device components. Indeed,
chemical contamination can also occur from processing equipment or container

5
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Context

Discussion

enclosures. In silico toxicity predictions of organ-toxicity may assist hazard assessment
in a WoE approach for data-poor substances; they can also provide key information in
the initial assessment that identifies the higher-risk compounds that should be tracked
during testing.

Industrial chemicals

Organs such as the heart, brain, liver, kidneys, pancreas, spleen, immune system, and
lungs are investigated in repeated-dose toxicity studies, that are required under REACH
(Registration, Evaluation, Authorisation and Restriction of Chemical Substances)
regulation depending on tonnage bands. In this regulatory context, IST predictions of
specific target organ toxicity may be integrated into WoE considerations to support
available in vivo studies [22]. Under Regulation (EC) No 1272/2008 on the Classification,
labelling and packaging of substances and mixtures (CLP Regulation), information from
repeated-dose toxicity studies are mainly used for classification for specific organ
toxicity, and IST tools can provide further evidence on hazardous effects on certain
organs [23]. Appropriate IST approaches may be integrated in the priority designation
under the Toxic Substances Control Act (TSCA), where the principle of the 3Rs
(replacement, refinement, and reduction) relating to the use of animals is supported
[24].

Biocides

Legislation on biocides usually requires information on repeated-dose toxicity and in
this context the assessment of organ toxicity may be supported by the use of IST
methods. Such approaches, together with all alternative methods, are generally
encouraged in this context to reduce animal experiments [25].

Plant Protection Products
(PPP)

Several initiatives have been undertaken by the European Food Safety Authority (EFSA)
to investigate the use of alternative methods for the assessment of pesticides, including
the evaluation of the relevance of IST methods for metabolites and degradants [26].
Indeed, few metabolites and degradation products of pesticides are tested for toxicity,
although they may be of concern for human health. The limited availability of QSAR
models for chronic toxicity endpoints (e.g., hepatic and urinary tract toxicities,
nephrotoxicity) has encouraged the use of read-across as alternatives within a WoE
framework in this context.

Cosmetics

Some regulatory frameworks, such as the EU Cosmetics Regulation No. 1223/2009 [27],
prohibit testing on animals for cosmetics. As such, alternative approaches including IST
methods are promoted for the safety assessment of cosmetics-related substances [28].
Repeated-dose toxicity of cosmetic ingredients is a crucial endpoint in this context and
it entails assessment of organ toxicity which can be investigated by means of IST
(grouping, read-across, and (Q)SAR) together with in vitro data and physiologically-
based pharmacokinetic (PBPK) modelling [29—-32].

Food

Use of alternative methods including in silico approaches may provide valuable means
to assist safety assessment of food-related chemicals, where, for example, threshold
levels (e.g., NOAEL) are generally used to derive Acceptable Daily Intake (ADI) levels. In
silico methods may contribute to the assessment within a WoE rationale as discussed
by the European Food Safety Authority (EFSA) [33]. The FDA’s predictive toxicology
roadmap supports QSAR programs and development of new computational approaches
[34]. As such, in silico models can be used as predictive tools to examine target organ
effects, including hepatotoxicity, cardiotoxicity, and nephrotoxicity of food toxicants,
providing, for example, relevant mechanistic insights on adverse effects [35].

Occupational

Derivation of Occupational Exposure Limit (OEL) values entail the collection of data on
toxicokinetics and toxicological endpoints relevant to worker exposure including specific
target organ toxicity. In silico methods for the prediction of organ toxicity can be
integrated into a WoE approach to help establish the point of departure (PoD) (e.g.,
Benchmark Dose (BMD) or no-observed-adverse-effect-level (NOAEL)) that is relevant
for deriving exposure limit values (i.e., observed-effect-levels (OELs)) [36]. In silico
methods can also complement the toxicological profile of data poor-substances in
support of the overall risk assessment/management in cases where OEL are absent such
as in the context of the Occupational Exposure Banding (OEB) process [37].

Product Development

In the pharmaceutical industry secondary pharmacology is used for early hazard
identification where compounds are routinely tested against in vitro off-target panels to

6
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Context

Discussion

assess their promiscuity [38,39]. The targets of these panels usually have an established
linkage to adverse drug reactions (ADR); notably, the number of off-target effects
related to liver injury is very limited. /n silico toxicity predictions, either based on the
prediction of off-target interactions, or inferred from other methods such as structural
alerts [40], may be useful for flagging organ toxicity and prompting scientists to monitor
the corresponding liability as the candidate advances through discovery. In silico
methods can also provide relevant information to elucidate the structural basis
underlying specific organ toxicity or to understand the corresponding biological
mechanisms of such toxicity.

In the preclinical phase of drug development, predictions of organ toxicity can be used
to adjust the testing strategy and possibly adapt the in vivo protocols. Subsequently,
they can assist in the understanding of the observations from preclinical studies (e.g.,
liver pathology) throughout the different durations of the studies: acute, sub-chronic,
chronic, and eventually lifetime (2-years). During drug development, the information
and data provided by in silico approaches may also assist in establishing the human
relevance of the observed adverse effects.

Mixtures

NAMs are considered valuable approaches to support the hazard assessment of
mixtures following exposure via air, water, food, consumer products, materials and
goods [41]. NAMs may provide information to address different data gaps such as the
limited number of toxicity data for mixtures assessed as a whole, or the lack of
information (e.g. chemical hazard, dose-response, mode of action) needed for
component-based approaches [42]. In this context, QSAR can assist the hazard and risk
assessment of chemical mixtures with predictions of toxicological effects for the
individual components or supporting the grouping of chemicals. Grouping is based on
the mode of action of the chemicals, a key step in the assessment of mixtures, where in
silico methods may inform on similarities of the toxicity profiles of the chemicals, such
as common target organ toxicity profiles [42].

1.2 Organ toxicity
Adverse effects can be characterized in terms of their nature, target organ, potency, and mode of action

(MoA) and these factors may differ greatly across toxicants [43]. Chemicals elicit local and/or systemic effects
with most xenobiotics inducing main adverse effects in one (or several) target organ(s). In general,
susceptibility of the target organ or a high concentration of the toxicant (the parent compound or
metabolites) in the organ will influence the site of action. The toxic effects can be reversible or irreversible:
low concentration and/or a short duration of exposure often induce reversible effects, while higher

concentrations and/or longer durations of exposure may induce irreversible effects.

Adverse effects in acute toxicity and in chronic toxicity are generally brought about by distinct mechanisms
[44,45]. Prolonged exposure and low doses of a chemical agent may elicit a variety of adverse effects arising
from the perturbation of different biological pathways [44]. Understanding the effects on a specific target
organ in terms of the individual mechanisms underpinning chronic toxicity provide a suitable framework for
the development of in silico models (and alternative models in general) capable of predicting the dose at

which a chemical elicits an adverse effect based upon chronic exposure.
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Mitochondrial dysfunction can lead to both acute or chronic injury and may impact different organs and
tissues; organs containing high levels of mitochondria, such as liver, kidney, heart, and nervous system are

most susceptible to mitochondrial dysfunction [46,47].

1.3 Adverse Outcome Pathway (AOP)
Existing knowledge about a biological pathway can be organized within the AOP conceptual framework [48—

51)]. Such a framework comprises a logical sequence of KEs (key events) triggered by a MIE (Molecular
Initiating Event) that arises from an initial interaction between a stressor and a biological target(s) (e.g., DNA
binding, protein oxidation, receptors) [52,53]. KEs lead to structural and functional changes ultimately

culminating in the AO (adverse outcome) relevant to the human organism and the human population.

The AOP framework can be combined with the AEP (Aggregate Exposure Pathway) framework that extends
the organization of the relationship between AOs and chemistry. An AEP links the introduction of a stressor
from sources, fate, and transport through environmental media, patterns of external exposure, and

biokinetic processes leading to target site exposures [54-56].

AEP and AOP together serve as basis for developing a mechanistically-informed IATA (Integrated Approaches
to Testing and Assessment). A mechanistically-informed IATA uses information derived from appropriate
combinations of alternative approaches (including in silico and in vitro) that target KEs within well-defined
AOPs, to aid hazard and risk assessments by guiding minimal but well-informed higher tier testing. To
facilitate the advances of mechanistically-informed approaches, AOPs are being collected in the AOP-Wiki,
i.e., a collaborative platform for the development of AOPs overseen by an expert group from the Organisation
for Economic Co-operation and Development (OECD) [57,58]. One current area of development is to make
AOPs quantitative for practical risk assessment, which is a considerable undertaking given the lack of

available data [59-61].

1.4 Target organ toxicity models
Studies of concordance of the toxicity of pharmaceuticals reported that 70% of human-relevant toxicities are

detected in animal experimentation [62], though the prediction of safety (absence of events) is difficult
[63,64]. Importantly, extrapolation of human risk from in vivo animal testing must account for species
differences in toxic responses; it was observed that the affected organ influences the translational relevance
[65,66]. It can also be noted that human adverse drug reactions (ADRs) are mostly linked to toxicities to liver,
heart, and neurological organs [65—-68], as these are areas known for high rates of metabolism (e.g., CYP,

transporters).
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In the context of pharmaceuticals, in vitro models for the assessment of target organ toxicity are routinely
applied and play an important role, especially in early drug development [66,69]. The in vitro systems take
into account specific physiological conditions of the organ (e.g., electrophysiology, metabolism, proliferation,

and specific homeostasis) and usually provide mechanism-based biological observations.

Recently, the use of high-content imaging assays based on human cell lines from different organs
(hepatocytes, neurons, cardiomyocytes and endothelial cells) was investigated to derive NAM-based point
of departures (NAM-based PODs) for risk characterization [70]. Such NAM-based PODs are being explored as
conservative surrogates for in vivo values [70,71]. In the future, it is hoped that generic screens based on
high-content image-based assays such as the CellPainting assay are able to give safety-relevant information

on a broad scale and at practically applicable low cost [72].

A higher level of complexity is introduced with the development of in vitro three-dimensional (3D) models
and microphysiological systems to address the composite endpoints associated with target organ toxicity
[73,74]. In 3D cell culture techniques, the cell environment can be manipulated to mimic the in vivo
environment and provide more accurate data on toxicity [75]. Techniques such as the “organ-on-a-chip” and

organoids aim at replicating the complex attributes of the organ [76,77].

By modeling the inter-relationship between cells, tissues and possibly organs, such models may hopefully
predict adverse effects either as single organ systems or as part of an integrated, multi-organ system. Multi-
organ toxicity is difficult to accurately address with in vivo models and is not reflected in the isolated single

cells from a single organ [78,79].

1.5 Molecular targets
Adverse drug reactions (ADRs) usually have an established relationship to undesired interactions of the drug

or drug candidate with proteins (off-targets) other than its therapeutic target [38,39,80-83]. The
pharmaceutical industry generally explores such secondary effects by means of in vitro high throughput
screens against a large number of unintended targets (receptors, ion channels, enzymes, transporters) with

the aim of limiting off-target interactions and thus reducing liabilities leading to toxicity [84,85].

An industry-regulatory consensus on the list of off-targets is currently lacking. One example is a minimal
safety panel of 44 targets by Bowes and co-workers that links the biological targets to specific ADRs as, for
example, cardiovascular system (CVS), central nervous system (CNS), pulmonary, and renal effects (liver is
not on the list). Two molecular targets (i.e., Muscarinic Acetylcholine M; Receptor and Muscarinic
Acetylcholine M; Receptor) specifically associated with potential adverse effects occurring in the liver are

included in another pharmacology screening battery [39].
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1.6 Toxicogenomics
Toxicogenomic studies are mainly exploited to gather mechanistic information or as predictive tools.

Predictive toxicogenomics is based on databases of genomic profiles resulting from the response of a
biological model following exposure to reference chemicals (i.e., chemicals acting with a known mode of
action); the toxicogenomic signatures can then be used to predict or classify the toxicological behavior of an
unknown chemical based on its toxicogenomic profile [86,87]. Databases such as DrugMatrix [88], Open TG-
GATEs (Toxicogenomics Project-Genomics Assisted Toxicity Evaluation System) [89] and the Comparative
Toxicology Database (CTD) [90] directly link toxicity to gene expression data, and can be exploited to develop
QSAR models useful to investigate organ toxicity [91]. Such databases can also be used to explore multi-organ
toxicity [92]. Results from this type of analysis may heavily depend on how the data examined was generated
though, as well as the precise methods and parameters chosen for its subsequent processing and

interpretation.

1.7 ADME and toxicokinetics
Understanding internal exposures in humans is deemed essential for a successful application and use of

alternative methods. This implies understanding the concentrations or exposure patterns at which an
adverse effect is observed (e.g., in an alternative framework) in relation to the corresponding internal

concentrations at the target tissue of the test chemical in humans [93].

More specifically, mechanistically-based paradigms arising from alternative methods (e.g., in vitro and in
silico) provide predictions on the intrinsic toxicological effects on a given tissue that need to be combined
with information on chemical exposure to evaluate the relevance of the findings to human safety. The
integrated action of ADME (adsorption, distribution, metabolism, excretion) processes will determine
whether the biologically active form of a chemical (i.e., the parent compound or its metabolite(s)) reaches

the target tissue at a certain concentration for a specific duration to potentially elicit an adverse effect [94].

Information on systemic exposure as derived from ADME and toxicokinetic investigations are used to
interpret toxicological findings supporting, for example, the identification of the circulating moieties (parent

substance/metabolites) or the extrapolation of animal toxicity data to humans [95-101].

Lists of models and software for the prediction of ADME properties are available in the literature [102—-105].
QSARs for the prediction of metabolism include CYP inhibitor/substrate predictions, with some of these
models deriving the site of metabolism (SOM) (i.e., the structural fragment of the xenobiotic where the
metabolic reaction occurs) [105,106]. Expert system approaches are also available to predict
biotransformation pathways from the molecular structure of the parent chemical [107,108]. A downside of
these approaches is the generation of an excessive number of metabolites from a multitude of potential

pathways and their human relevancy [107]. It can be noted that predicting the relative likelihood of such
10
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events is generally easier than the prediction of the absolute likelihood of a transformation, which is however

needed to understand the fate of a molecule in an organism quantitatively.

Compartmental TK models and PB-TK (physiologically based-toxicokinetic) models quantitatively describe the
temporal change in the concentration of xenobiotics and/or their metabolites in biological matrices (e.g.,
blood, tissue, urine, alveolar air) of the exposed organism [109-111]. They provide an estimate of the internal
concentrations of the test chemical, and their toxicological applications include extrapolations across species,
in vitro to in vivo extrapolation, route to route extrapolation, high to low dose extrapolation, and intra-species

extrapolations [112-114].

2. Liver toxicity
The liver is a primary target of toxicity following oral exposure to drugs and, in general, to xenobiotics. Liver

susceptibility arises from its portal location and key role in xenobiotic metabolism [115,116]. Orally-ingested
xenobiotics are absorbed in the gastrointestinal tract, thus making this organ particularly vulnerable to
chemical-induced injury, most likely due to the high concentrations of xenobiotics to which it is exposed
[117]. The liver is also the principal site of xenobiotic metabolism involving biotransformation that may result
in the formation of highly reactive metabolites (or otherwise bioactive) which may cause adverse effects

[118-120].

In the context of pharmaceutical toxicology, liver damage caused by drugs is referred to as DILI (Drug Induced
Liver Injury) [121-124] and is one of the most frequent causes for drug attrition and market withdrawals
[125,126]. DILI is a result of complex mechanisms, which include both compound-related adverse effects on

the liver and patient-specific factors such as the genetic background or factors related to lifestyle [127].

Two types of DILI are described in the literature [128,129], intrinsic DILI and idiosyncratic DILI. The former is
reproducible and dose-dependent and, in general, can be predicted. The latter is not fully understood: it only
affects a limited number of people, is difficult to predict, usually develops at therapeutic doses, and lacks a

clear dose dependency.

With the liver being a key organ for the interpretation of acute [130] and repeated-dose toxicity [44,131,132],
hepatotoxicity appears to be a concern related to many other types of chemicals, including herbal agents or
nutritional supplements, industrial chemicals, agrochemicals, biocides, cosmetics, chemicals present in food,

and substances of abuse [133].
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2.1 Processes and endpoints
Chemical-induced hepatotoxicity is referred to as acute or chronic (see Error! Reference source not found.),

depending on the duration of the liver injury [134]; it results in impaired hepatocyte function and viability
that are observed in different histopathological patterns including necrosis, apoptosis, fibrosis, steatosis, and
cholestasis [135]. Necrosis, i.e., cell death caused by unregulated biological events, is commonly observed in
both acute and chronic liver diseases, which can progress to fibrosis, characterized by the deposition
replacement of parenchymal tissue with collagen, proteoglycans, and glycoproteins [135,136]; deposition of
collagen throughout the liver results in cirrhosis, which, in turn, may lead to liver failure. Apoptosis, that is
the normal physiological process of regulated cell death, can also be induced or suppressed by xenobiotics.
Steatosis, also known as fatty liver disease, refers to the abnormal accumulation of triglycerides in
hepatocytes and in severe cases it is accompanied by inflammation and hepatocellular necrosis. A condition
related to steatosis is phospholipidosis characterized by phospholipid accumulation within the lysosomes of
hepatocytes. Cholestasis is the disruption of bile production or flow. Certain liver injuries are characterized

by local inflammation contributing to the progression of the injury [137].

Acute hepatotoxicity is manifested in various forms and can include hepatic necrosis, hepatocellular steatosis
and/or degeneration, or acute cholestasis. Manifestations of chronic hepatotoxicity include hepatitis,

steatosis, fibrosis, and phospholipidosis [138,139].

Chemically-induced hepatotoxicity is broadly categorized as cytotoxic (necrotic or steatotic), cholestatic
(arrested bile flow), or a mixed pattern [115,138]; hepatocytes (i.e., the most abundant liver cell type) may
be targeted resulting in hepatocellular liver injury; impairment of excretion of bile leads to cholestatic or

mixed hepatocellular/cholestatic injury [133].

Different classifications of liver injury exist (Error! Reference source not found.) such as the classification
according to the various clinical laboratory phenotypes resembling the corresponding liver disease [140,141],
or the classification based on histological patterns reported by the Drug-Induced Liver Injury Network (DILIN)
[142-144]. As noted by Cronin and co-workers these “classic toxicology” classifications based on clinical or
histopathological criteria cover the main effects to the liver, comprising a mixture of mechanisms and

observations [44].

Hepatotoxicity data from histopathology-related findings as originating from preclinical toxicity study reports
for regulatory submissions can be collated into groups of histopathology terms related to similar findings
(and, possibly, potential mechanisms); general clusters are identified: tissue damage, inflammatory changes,
structural alteration, and accumulative lesions with each general cluster separating into more specific groups
as shown in Table 2 [145]. The same hierarchical organization is applied to other target organs (i.e., heart and

kidney) [16].
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Table 2. The hierarchical organization used to group histopathology terms of similar findings (and mechanism) for hepatotoxicity;
findings were extracted from preclinical toxicity study reports for regulatory submissions [145].

LIVER TOXICITY

General clusters Specific clusters

Tissue damage Necrosis

Degeneration
Inflammatory changes Inflammation

Infiltration
Structural alterations Proliferation

Hyperplasia

Hypertrophy
Accumulative lesions Steatosis

Vacuolation

Primary mechanisms underpinning hepatotoxicity include formation of reactive metabolites, oxidative stress,
mitochondrial dysfunction, covalent binding to macromolecules, transcription disruption, inhibition of the
Bile Salt Exporter pump (BSEP) protein and other transport proteins, stimulation of autoimmunity, protein
synthesis inhibition, fluid or ion imbalance [124,133,146—-148], and other secondary mechanisms such as
those linked to the disruption of the gut-liver axis [149]. Chemicals can trigger innate or adaptive immune
responses leading to liver injury [124,150], and an immune mediated mechanism involving reactive
metabolites has been described for idiosyncratic DILI [151,152]. The different general pathways underlying
pathogenesis of liver injury may work together to promote toxicity: mitochondrial dysfunction, oxidative
stress, and alterations in intrahepatic bile acid and/or lipid homeostasis [128]. The latter effect commonly is
associated with nuclear receptor activation and mitochondrial toxicity [153]. A three-step working model of
liver injury pathogenesis has been proposed [138,154], where the first step starts with an initial cellular injury
promoted by the chemical or its metabolites via direct cell stress, direct mitochondrial inhibition and/or
specific immune reactions; the second step is induction of mitochondrial dysfunction, that leads to the third
step, cell death (necrosis or apoptosis). Current information on the mechanisms related to hepatotoxicity is
being organized in the AOP-Wiki, and Table S1 (available in the supplementary material) lists several AOPs as
defined in this repository [57,58]. As mentioned above, quantitative aspects of AOPs for DILI still require

further work in the future.

2.2 In vivo and in vitro methods
In the drug development process, hepatotoxicity assessment relies on in vivo toxicity studies in rodent and

other animal species or clinical trials. Animal models must be critically evaluated, as interspecies differences,
especially in metabolism and disposition of xenobiotics, are crucial aspects in the context of hepatotoxicity
[155]. Differences in hepatic transporters between species may affect the resulting toxic effects, even if the
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production and elimination of toxic metabolites are similar [156]. Ex vivo models (liver tissue slices and

isolated perfused liver) may also be used to complement the in vivo models [157].

Common biomarkers associated with liver toxicity can be grouped into hepatocellular and hepatobiliary
[158]; hepatocellular biomarkers are: ALT (alanine aminotransferase), AST (aspartate aminotransferase), SDH
(sorbitol dehydrogenase), GLDH (glutamate dehydrogenase), and TBA (total bile acids); hepatobiliary
biomarkers are: ALP (alkaline phosphatase), GGT (gamma-glutamyltransferase), 5-NT (5’-nucleotidase), TBILI
(total bilirubin), and TBA. Some biomarkers have been specifically associated with mitochondrial injury, a
primary factor in hepatotoxicity, and these are: alanine aminotransferase (isoenzyme ALT2), cytochrome c,
GLDH, carbamoyl-phosphate synthetase 1 (CPS1), mitochondrial DNA (mtDNA), and long-chain acylcarnitines
[159].

Limitations in reproducing human specific metabolism and drug transport processes, and limited
representation of the liver tissue heterogeneity can lead to failure of in vitro models to predict hepatotoxicity.
The current two-dimensional (2D) in vitro assays, that are based on cell lines such as HepG2 or differentiated
HepaRG, are effective at modeling some components of hepatocyte biology but they fail to represent liver
tissue heterogeneity (as well as some aspects of its metabolism) and therefore have a limited capacity to
predict hepatotoxicity [160]. 3D in vitro liver models are emerging technologies holding great potential to
understand the molecular mechanisms of hepatotoxicity and screen for compounds that cause liver injury

[161-165].

2.3 In silico methods
Several in silico models for potential use in predicting human hepatotoxicity from molecular structure have

been described in the literature [145,166-170,133,171-176] including advanced modelling based on deep
learning algorithms [177—179] and prediction models that combine structural descriptors and in vitro ToxCast
assay data for the prediction of in vivo organ toxicity [180-184]. Different reviews have thoroughly
summarized and discussed available models for this endpoint [126,133,185-190]. Models specifically
addressing a particular mechanism, such as mitochondrial dysfunction may also provide insights into liver

toxicity [191].

Annotation schemes of liver toxicity information, especially related to DILI, are being developed using various
sources [133], such as the FDA adverse event reporting system (AERS) that has been employed to develop a
database characterized by well-defined hepatotoxicity-related preferred terms that is suitable for QSAR
modelling [192]. Performance of DILI models is expected to improve with well-annotated hepatotoxicity data

[125,133,193]. However, agreement on standardized DILI labels does not currently exist [174].
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Available models can be grouped according to the following factors (see Table 3): a) methodology used
(statistical-based or expert rule-based); b) endpoint being modeled (general hepatotoxicity or a specific
aspect such as steatosis or a molecular initiating event); c) source of data for the training set (in vitro data,
human data, animal data). Hewitt and coworkers noted that [188]: a) most of the available models aim at
predicting the negative/positive general hepatotoxicity regardless of specific mechanism/toxicity
observations; b) most models are developed using in vivo data; c) the number of models focusing on more
specific endpoints (e.g., liver serum enzymes, hepatic steatosis, cholestasis, jaundice) are becoming more
frequent. Some models based on in vivo data are discussed below to exemplify some of the issues underlying

the development of in silico models for hepatotoxicity.

The DILI model by Hong and coworkers is based on the Decision Forest machine learning algorithm to model
three-classes of DILI severity (most-DILI, less-DILI, no-DILI) with a training set (more than 700 drugs) derived
from the FDA’s Liver Toxicity Knowledge Base [194,195]. Notably, the authors recognize that the inclusion of
a three-class DILI severity classification as compared to a DILI and no-DILI classification is a key factor

positively affecting model performance.

Mulliner and coworkers [196] modeled general hepatotoxicity (negative/positive) by means of a Support
Vector Machine (SVM) approach using a dataset from the pharmaceutical domain with more than 3,700
compounds. The modeling algorithms were specifically selected by the authors to account for the complex
endpoints that incorporate different modes of action. Additional models were developed for other liver
toxicity findings that were hierarchically organized: clinical chemistry, morphological findings, hepatocellular
clinical chemistry, hepatobiliary clinical chemistry, hepatocellular morphological findings, and hepatobiliary
morphological findings. These more specific models were separately developed both for human and
preclinical data. As noted by the authors, the choice of the hierarchical organization of the endpoints was
driven by the data set coverage and imbalance of positive versus negative compounds; indeed, specific
individual findings such as cytolytic hepatitis would be heavily imbalanced containing only a few positive

compounds and thus being unfeasible for modeling.

IST modelling of target organ toxicity by Amberg and coworkers shows that appropriate hierarchical
organization of histopathology data (see Table 2) leads to good predictivity of the toxicity findings [145]. The
development of these prediction models (i.e., structural alerts, fragment-based, molecular descriptor-based
machine learning approaches) indeed requires a key preparation step to collate similar findings (and
mechanisms) into suitable clusters. The same approach is applied to model toxicity for different target organs

(i.e., liver, kidney, heart).
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Read-across is also another approach to predict hepatotoxicity, where the importance of a mechanistically-
driven rationale is demonstrated in a recent read-across study based on a large hepatotoxicity dataset of

more than 4000 compounds collated from the public literature [197].

The in silico models discussed herein belong to the cheminformatics approach, that is the prediction of
hepatotoxicity from chemical structure. As noted by Béquignon and coworkers [198], other types of in silico
approaches other than cheminformatics have been employed for liver toxicity prediction and include
guantitative adverse outcome pathways (QAOPs), metabolomics, pharmacokinetic-pharmacodynamics (PK-
PD) modeling, dynamical pathway modeling with ordinary differential equation (ODE) models, and multi-

scale approaches modeling DILI with systems biology approaches.

Table 3. Classification of in silico models based on methodology, endpoint, and source of data (adapted from Hewitt and Przybylak
[188])

Methodology: e  Statistical-based
e  Expert rule-based
Endpoint: e  General hepatotoxicity

e Specific endpoints

e Molecular initiating events (MIEs)
Source of data: e Invitro

e [nvivo (human)

e /nvivo (animal)

2.4 Draft assessment framework for liver toxicity
In the present work, mechanisms and toxicological effects are preliminarily combined into a high-level

summary demonstrating a potential hazard assessment framework applicable in the context of liver toxicity
prediction. The proposed draft assessment framework builds on the mechanistic vision of hepatotoxicity (see
Error! Reference source not found.) and is shown in Error! Reference source not found.. Its structure
combines information from in vitro approaches (e.g., biological responses from receptor-based assays),
results from in vivo experiments and human data. The protocol structure may also be expanded to consider
various exposure scenarios (e.g., environmental, drug, consumer, accidental). Other information, potentially
organized and described in other protocols, needs to feed the hepatotoxicity protocol. These include

information associated with ADME, the gastrointestinal tract, and the immune system.

The detailed breakdown of specific types of animal in vivo data (histopathology) shown in Error! Reference
source not found. is based on work by Sanofi [145,166], where histopathology-related findings from
preclinical toxicity study reports for regulatory submissions (see Table 2) are organized into groups of
histopathology terms linked to similar findings (and, possibly, similar mechanisms). Common in vivo

biomarkers are associated with hepatocellular- and hepatobiliary-related effects as shown in Error!
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Reference source not found.. Biomarkers associated with mitochondrial dysfunction (e.g., ALT2, cytochrome,

GLDH, CPS1, mtDNA and long-chain acylcarnitines [159]) may also be considered.

The assessment framework integrates results of several other biological responses. For example, it may
receive input from ligand-binding assays associated with hepatotoxicity, or from in vitro assays measuring
mitochondrial dysfunction or, in general, from in vitro assays detecting KEs or MIEs of AOPs (e.g. cholestasis,
fibrosis, steatosis, steatohepatitis). It should be noted that the number of molecular targets linked to liver
toxicity is limited, with the AbbVie’s molecular pharmacology screening battery including only two molecular
targets (i.e., Muscarinic Acetylcholine M, Receptor and Muscarinic Acetylcholine M; Receptor) that are

specifically associated with potential hepatic ADRs (among other potential target organs) [39].

2.5 Case study
The following case study illustrates the use of the in silico framework for the prediction of organ toxicities. It

outlines a response to a regulatory request for the qualification of non-genotoxic impurities of the drug
cyamemazine (shown in Error! Reference source not found.). This request was received after submission of
the mutagenic impurities assessment according ICH M7 [199] for cyamemazine impurities. The ANSM (i.e.,
French Health Authority) requested further assessments for specific impurities which were above the
qualification threshold and therefore in scope of ICH Q3A/B comprising cyamemazine amide, a degradation
product shown in Error! Reference source not found., which was classified in the first submission as Class 5
(i.e., no structural alerts, or alerting structure with sufficient data to demonstrate lack of mutagenicity or
carcinogenicity) and non-mutagenic according ICH M7. An in silico analysis assessing the risks of the main
biological functions was requested. This was interpreted to include an in silico request for target organ
toxicity in the context of the “Reflection paper on the qualification of non-genotoxic impurities” [20]. It is

noted, however, that regulatory acceptance of these methods differs across regulatory jurisdictions.

The in silico hazard assessment of cyamemazine amide (alongside other newly specified cyamemazine
degradation products) above the qualification threshold was conducted using different in silico prediction
systems, database searches for read-across, and expert knowledge. This hazard assessment was intended to
better assess the risk of the degradation products on main biological functions, covering the main
toxicological endpoints mutagenicity, clastogenicity, hepatotoxicity, nephrotoxicity, cardiotoxicity,

developmental toxicity, phototoxicity and ocular toxicity.

The first step in the toxicity hazard assessment was to perform a search in public or internal databases to
determine if experimental toxicity data were already available on the identified impurities. Structure-based
assessments were performed using two complementary in silico (quantitative) structure-activity relationship
(Q)SAR systems to predict the toxic potential of impurities, including both commercial systems alongside in-
house QSAR models. Error! Reference source not found. summarizes the in silico predictions, read-across

results, and final expert review for the hepatotoxicity hazard assessment of the drug substance (Active
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Pharmaceutical Ingredient, APl) cyamemazine. Error! Reference source not found. summarizes the in silico
predictions and read-across results for the degradation impurity cyamemazine amide. Notably, a similar
analysis was performed on other organ systems. The in silico results are mapped onto a hazard assessment
framework based on the outline proposed in Error! Reference source not found.. Impurities are classified by
expert review into different classes of toxicological concern based on the hazard assessment of these data
for each endpoint. The final assessment follows the main principles that are proposed and standardized in
the IST protocols by Myatt and co-workers [10] including the use of reliability scores (RS) to represent the
quality of each hazard assessment. This assessment (see Error! Reference source not found. and Error!
Reference source not found.) comprises an expert review on the QSAR outcome which increased the
reliability of the results to RS3 (i.e., reliability score following expert review), according to the reliability score

outlined by Myatt and co-workers [10].

The cyamemazine amide is present at only low levels (i.e., at levels slightly above the ICH Q3 qualification
threshold of 0.15% [18]) as compared to the drug substance, which means that its contribution to the overall
safety profile is limited as compared to the parent compound unless additional alerts are introduced.
Therefore, the corresponding hazard assessment mainly focused on the deviating and different substructures
of the degradation product as compared to the drug substance and on assessing if these differences in the
substructure were predicted to have an increased, decreased, or similar hazard compared to cyamemazine.
It should be noted that this is a hazard assessment and does not predict any safety risk for the known safe

doses and exposures.

The results of the in silico predictions, both from expert alert and statistical models, are very similar for the
cyamemazine amide and the APl cyamemazine. Based on a weight-of-evidence paradigm that accounted for
the different information available, the hazard of the impurity was evaluated, leading to the conclusion that
the toxicity hazard was very similar to the API’s toxicity hazard (it needs to be kept in mind that both types
of predictions are based on currently available data, so data coverage of in silico systems is of crucial
importance). The in silico predictions of the hepatotoxicity models, for example, show a lower prediction
probability in most models, signifying that the hepatotoxic hazard is even less than the APl cyamemazine.
From a structural point of view, the amide substructure was the only difference between the API and
cyamemazine amide and was not predicted as an additional toxicophore likely to increase the hazard for the
investigated endpoints. The degradation impurity cyamemazine amide was indeed predicted to have a similar

or relatively decreased toxicity hazard when compared to the API cyamemazine for the endpoints of interest.

3. Discussion
New approach methodologies based on a more mechanistic vision are emerging at a fast rate for supporting

hepatotoxicity assessment of chemicals; high expectations call for novel strategies that would be less

dependent on in vivo testing and where integration of the different approaches (including in silico methods)
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may improve prediction of liver toxicity [200]. In this context, it should be noted that a mechanistic-based
classification of liver injury is challenging, because of the number and complexity of biological pathways
underpinning hepatotoxicity and because there is still limited understanding of these mechanisms

[44,137,201].

Development of in silico models to predict liver toxicity poses many hurdles, as highlighted in the literature
by Cronin and co-workers [44,188]. The first issue concerns the poor understanding of chemically-induced
hepatotoxicity mechanisms and pathogenesis, which limits the development of mechanistically-based in
silico models (as well as current in vitro panels for this purpose). This issue in turn affects the performance of

the models.

The second issue arises from the availability of heterogeneous and sparse (and often biased) experimental
data, such as pre-clinical studies or clinical reports of adverse drug reactions, resulting in pools of data that
come from different assays and protocols. Biases from the assay side may arise from the source and precise
composition of biological and chemical samples used for data generation (as well as the detailed assay
protocol); biases from the clinical side may arise from differences between individuals (differences associated
with genetic or other origin), as well as, in particular for post-marketing data, reporting biases and other
confounding factors. Data from both the assay and the clinical side will hence generally be of variable quality
and typically may not reflect potency. When these datasets are used as training sets, they will compromise
the predictive power of the resulting computational models, since any model is only as good as the data that
goes into it. As noted by Mulliner and coworkers [196], the specific liver toxicity endpoint that is often
modeled is not present in the available databases, but it is described by a collection of observations (e.g.,
liver necrosis, increase of transaminases, bilirubin). The third issue concerns the complex mechanisms
occurring in the liver, such as metabolism or defense mechanisms. These complex biological processes are
difficult to embed in the computational approaches aimed at predicting toxicity. The fourth issue arises from
the limited chemical space that the current models can cover, as the available experimental data are skewed
towards the pharmaceutical domain. Finally, it should be noted that in silico models that predict
dose/timepoints are limited in part due to technical limitations and the lack of properly annotated data.
Models that do not build on dose/timepoints data fail to differentiate between those chemicals that have
the potential to cause injury but never reach exposures and durations where damage is observed clinically,
and those chemicals that lack the potential to cause injury altogether. Accounting for the time and exposure
concept may shed light on mechanisms leading to liver injury as some negative compounds could have been
classified as negative just because they did not reach the exposures or durations required for the damage to
be observed. Classification algorithms for hepatotoxicity (positive/negative prediction) restrict the usability
of the corresponding in silico models, as these models lack the ability to provide information on the doses

producing the adverse effects or prediction of the severity of the effects. Predicting a quantitative measure
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of potency would be ideal. A practical and effective approach to modelling quantitative data would be to

group the responses into multiple dose ranges based on a specific duration of exposure.

Recent advances in science show an increasing understanding of the molecular pathways and events
underlying pathogenesis of hepatotoxicity. This knowledge serves as a robust basis to improve the
predictions of hepatotoxicity within a mechanistic framework possibly using the AOP scenario [44,138,202—-
204]. The mechanistically-driven analysis carried out in the current position paper has resulted in the
proposal of a practical and extensible framework building on the IST protocol project for integrating
information on organ toxicity (both experimental and in silico) along with an example of how this approach
was successfully used to assess non-genotoxic impurities. Definition of endpoints and their relationshipsin a
mechanistically-informed framework constitutes the basis for pragmatic use and integration of in silico

models built on various types of data.

Based on the draft framework proposed in Error! Reference source not found., future development of the

IST protocol applicable to hepatotoxicity will include:

e enumeration of the different in silico approaches as well as experimental data to be associated with
the effects and biological responses defined in the framework; these effects or responses that can
be measured (or predicted) are shown as gray boxes in Error! Reference source not found., Error!
Reference source not found., and Error! Reference source not found.;

e definition of major and sub-endpoints (shown in the framework as blue boxes in Error! Reference
source not found., Error! Reference source not found., and Error! Reference source not found.)
alongside clear definition of the rules and principles for combining the information on
effects/biological responses into these major and sub- endpoints to result in an overall assessment
and an evaluation of the confidence of this assessment;

e incorporation of an expert review process of all major and sub-endpoint assessments, including
specific guidelines for incorporating internal and external knowledge and formats for documenting

the results.

4. Conclusion

In silico prediction of organ toxicity is poised to play a significant role in future research and development
supporting the move toward mechanistic-based assessments of toxicity and application of the replace, refine,
and reduce (3Rs) principles to whole animal toxicity testing. Although much work is needed for the
integration of in silico models in robust NAM workflows or for their use in defined approaches (that could
replace the current testing paradigm in the assessment of target organ toxicity), such models can still play an

important role in specific scenarios such as the assessment of non-genotoxic impurities, prioritization of
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testing strategies, or screening of chemicals. The development of robust and transparent in silico toxicology
protocols, based on suitable underlying data, paves the way for a more extensive use of these methods,
taking advantage of the underlying standardizations. Protocols must provide a defensible assessment of the
overall confidence (based on the reliability and completeness of the information provided, and its relevance
to the toxicological endpoint) in addition to information on toxic concentrations and timepoints to be

effectively used as part of any hazard assessment.

The hazard assessment framework organizes and classifies available and emerging experimental approaches
and the underlying endpoints that are going to be integrated for the evaluation of liver toxicity. The output
will serve as a basis for the development of an IST protocol that standardizes the use of in silico approaches
for the prediction of hepatotoxicity from chemical structure. The resulting standardization catalyzes the
acceptability of both the in silico methods and the corresponding predictions by end users, colleagues,
collaborators, and regulators as well as provides a means to support a more transparent analysis of the

results.
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Figure Legends

Figure 1. Chemical insult leading to diverse manifestations of hepatotoxicity. Chemical-induced hepatotoxicity may involve different
biological pathways and can be classified in different ways, as for example based on clinical laboratory phenotypes [141] or
histological patterns [144].

Figure 2. A general schematic framework adapted from Kenna and co-workers [133] outlining the mechanisms underlying dose-
dependent hepatotoxicity. The chemical insult is affected by exposure (e.g., the extent of exposure) and by ADME and biokinetic
processes (e.g., balance between bioactivation and detoxification of reactive intermediates). Chemical insults to cells may lead to
different biological responses, which may be protective to limit and control the cell damage, or they may be amplified and progress
to toxicity.

Figure 3. High level summary of potential hazard assessment framework for liver toxicity. This draft framework combines different
sources of information: human data, animal in vivo data, and in vitro data. In vitro data captures specific biological responses
associated with hepatotoxicity such as data from secondary pharmacology or data from other relevant in vitro assays. In silico

models may be integrated into the assessment of the different endpoints associated with specific biological responses, human data
or animal in vivo data. A spectrum of major endpoints and sub-endpoints are included in the draft assessment framework.

Figure 4. Relevant toxicological effects from histopathology in animal studies (i.e. animal in vivo data) in relation to liver toxicity
[145].

Figure 5. In vivo biomarkers relevant to investigate liver toxicity in animal studies (i.e., animal in vivo data) [158]. Biomarkers
associated with mitochondrial dysfunction (e.g., ALT2, cytochrome, GLDH, CPS1, mtDNA and long-chain acylcarnitines [159]) may
also be considered.

Figure 6. Chemical structure of cyamemazine and cyamemazine amide

Figure 7. Framework for assessment of organ toxicity for cyamemazine.

Figure 8. Framework for assessment of organ toxicity for cyamemazine amide
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Figure 9. Chemical insult leading to diverse manifestations of hepatotoxicity. Chemical-induced hepatotoxicity may involve different
biological pathways and can be classified in different ways, as for example based on clinical laboratory phenotypes [141] or
histological patterns [144].
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Figure 10. A general schematic framework adapted from Kenna and co-workers [133] outlining the mechanisms underlying dose-
dependent hepatotoxicity. The chemical insult is affected by exposure (e.g., the extent of exposure) and by ADME and biokinetic
processes (e.g., balance between bioactivation and detoxification of reactive intermediates). Chemical insults to cells may lead to
different biological responses, which may be protective to limit and control the cell damage, or they may be amplified and progress

to toxicity.
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Figure 11. High level summary of potential hazard assessment framework for liver toxicity. This draft framework combines different
sources of information: human data, animal in vivo data, and in vitro data. In vitro data captures specific biological responses
associated with hepatotoxicity such as data from secondary pharmacology or data from other relevant in vitro assays. In silico models
may be integrated into the assessment of the different endpoints associated with specific biological responses, human data or animal
in vivo data. A spectrum of major endpoints and sub-endpoints are included in the draft assessment framework.
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Figure 12. Relevant toxicological effects from histopathology in animal studies (i.e. animal in vivo data) in relation to liver toxicity
[145].
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Figure 13. In vivo biomarkers relevant to investigate liver toxicity in animal studies (i.e., animal in vivo data) [158]. Biomarkers
associated with mitochondrial dysfunction (e.g., ALT2, cytochrome, GLDH, CPS1, mtDNA and long-chain acylcarnitines [159]) may also
be considered.
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Figure 14. Chemical structure of cyamemazine and cyamemazine amide
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. Summary of the biological mechanisms and processes underpinning hepatotoxicity

o Description of experimental approaches to support the prediction of hepatotoxicity

. Discussion of the role of in silico approaches highlighting challenges to the adoption of these
methods

. Proposed framework for the integration of in silico and experimental information
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