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Abstract: The evolving landscape of chemical risk assessment is increasingly focused on developing
tiered, mechanistically driven approaches that avoid the use of animal experiments. In this context,
adverse outcome pathways have gained importance for evaluating various types of chemical-induced
toxicity. Using hepatic steatosis as a case study, this review explores the use of diverse computational
techniques, such as structure–activity relationship models, quantitative structure–activity relationship
models, read-across methods, omics data analysis, and structure-based approaches to fill data gaps
within adverse outcome pathway networks. Emphasizing the regulatory acceptance of each technique,
we examine how these methodologies can be integrated to provide a comprehensive understanding
of chemical toxicity. This review highlights the transformative impact of in silico techniques in
toxicology, proposing guidelines for their application in evidence gathering for developing and filling
data gaps in adverse outcome pathway networks. These guidelines can be applied to other cases,
advancing the field of toxicological risk assessment.

Keywords: adverse outcome pathway; hepatic steatosis; computational toxicity; new generation risk
assessment; molecular mechanisms

1. Introduction

The evolving landscape of risk assessment is leading to the development of hypothesis-
driven, tiered, and iterative approaches to prioritize chemicals. These new early toxicity
detection strategies, incorporating New Approach Methodologies (NAMs), offer an ethical
alternative to traditional in vivo experimentation, which faces challenges in ethics, time,
and cost [1,2]. NAMs include tools such as in silico models, artificial intelligence, machine
learning (ML) systems, toxicogenomic tests, and read-across approaches [1,3,4]. These
human-relevant tools can transform safety assessments by offering insights into key biolog-
ical pathways and targets [1,4,5]. NAMs mimic human biology and provide mechanistic
information on chemical toxicity [1], which can be organized into Adverse Outcome Path-
ways (AOPs) and AOP networks, establishing relationships between the interaction of a
chemical with a biological system and the resulting adverse outcome (AO) [5–7].

AOPs go beyond the older mode-of-action concept by considering effects at varying
levels of biological organization [2,8,9]. A molecular initiating event (MIE) is always the
first step of an AOP, where the chemical modulates with a specific molecule in the biological
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system [7]. The AO is the apical toxicological endpoint, referring to an acute or local adverse
effect or systemic outcome. The pathway from an MIE to an AO consists of a series of steps
involving different biological elements that can lead to adverse health effects. Some of
those steps are considered key events (KEs), which are measurable changes in a biological
state that are essential but not sufficient for the AO to occur [8,10,11] and are connected by
KE relationships. A KE characterizes the system’s condition at a specific stage, whereas a
KE relationship scientifically explains how a system transitions from one upstream KE to
another downstream KE. It establishes a connection between the two events, facilitating
the inference or extrapolation of the downstream KE’s state from the known, measured,
or predicted state of the upstream KE [5,11]. In addition, a quantitative AOP involves
computational models that quantitatively characterize the relationships between MIEs and
KEs, as well as among KEs and the AO [11]. A quantitative AOP provides quantitative,
dose-responsive, and time-course predictions [2,12,13].

An AOP is not a test method, computational model, or risk assessment but rather a
structured description of collective knowledge in toxicology supported by scientific evi-
dence. AOPs are designed to aid regulatory decision making using mechanistic data rather
than solely outcome data from traditional whole-organism toxicity tests [1,8,14]. However,
it is important to note that AOPs themselves do not include exposure evaluation, but they
can be used in conjunction with exposure data to inform risk assessment processes [14].
AOPs facilitate the prioritization of chemicals for further testing through screening pro-
cesses to determine if they trigger any biological response. The substances can be ranked
according to their toxicological risk to guide detailed testing of higher-risk compounds. In
the same way, AOPs can be used to label chemicals based on their potency to activate an
AO [1,5].

To improve chemical safety assessment through AOPs, it is necessary to gather and
integrate biological process knowledge into a cohesive network [1]. AOPs can be combined
into networks that describe common KEs activated by different MIEs to provide a com-
plete view of the mechanisms leading to pathology [10,11]. Developing an AOP requires
collecting information on each building block from the literature, in vivo or in vitro assays,
or computational methods and associating evidence and testing methods [7]. AOPs are
“living documents” and should be continually refined as new data become available [11,15].
Despite ongoing efforts to link test methods and data with AOPs, current initiatives have
limitations, relying on publicly available knowledge without sufficient curation for fidelity.
These initiatives often overlook evidence from in silico predictive systems and struggle to
associate diverse data formats from various NAMs [1].

Diverse computational methods can be employed to identify AOP components, predict
the effects of chemicals on each node at the molecular level, and fill knowledge gaps within
an AOP network. Figure 1 shows schematically which computational methods can be
applied in each case.
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Fatty liver disease or hepatic steatosis is defined as the accumulation of fatty acids (FA)
in the liver beyond 5% of its wet weight due to an abnormality in the synthesis, transportation,
elimination of lipids, or a combination of those factors [16]. Steatosis can be defined as
increased fat accumulation in the liver without hepatocellular necrosis and no, or minimal,
inflammation. Although it can be a mild condition with a good short-term prognosis, it can
lead to steatohepatitis lesions characterized by hepatocellular injury and inflammation [17–19].
Liver steatosis exhibits two histological patterns: macrovesicular steatosis, marked by large
vacuoles causing peripheral nucleus displacement, and microvesicular steatosis, characterized
by numerous smaller vacuoles without nucleus displacement [19,20]. Several causes can lead
to hepatic steatosis, such as obesity, insulin resistance, and exposure to alcohol and chemicals,
including pharmaceuticals [19,21,22].

Drug-induced steatosis has the potential to directly cause metabolic-associated steatotic
liver disease (MASLD, formerly known as non-alcoholic fatty liver disease). Even though
drugs are not typically a primary cause of MASLD, it has been demonstrated that they
might underlie, mimic, or exacerbate MASLD [23]. It is known that certain drugs com-
monly used in clinical practice, such as amiodarone, tamoxifen, or certain chemotherapeutic
agents, may contribute to hepatic steatosis. Drug-induced steatosis is a well-studied con-
dition, and the mechanisms behind it have been extensively described in various AOPs.
These AOPs have been combined into a comprehensive AOP network, which is depicted in
Figure 2 [11,24–26].
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FA accumulation, which is a major feature of this condition, is caused by an increase
in de novo FA synthesis and a decrease in β-oxidation, both of which indicate a disruption
in FA metabolism, as well as an increase in FA influx [22,27].

The primary MIEs of this AOP are believed to result from the interaction between
chemicals and various nuclear receptors. The activation of the liver X receptor (LXR), a
transcriptional regulator of genes linked to cholesterol uptake, transport, and excretion, is
an integral part of the AOP [20,28]. LXR activation upregulates four genes involved in de
novo FA synthesis and increases hepatic FA uptake via the CD36 (Cluster of Differentiation
36, also known as Fatty Acid Translocase (FAT)) [19,20,22].

Other receptors have been described as causing the accumulation of triglycerides by
sharing one or both mechanistic pathways described for LXR. These receptors include the
aryl hydrocarbon receptor (AHR), the constitutive androstane receptor (CAR), the farnesoid
X receptor (FXR), the glucocorticoid receptor (GR), the peroxisome proliferator-activated
receptors (PPARs), and the Pregnane X receptor (PXR) [19,22]. CAR, FXR, LXR, PXR,
and PPARs share some characteristics: they are nuclear receptors of the subfamily 1 and
heterodimerize with retinoid X receptor (RXR). It has been reported that RXR competition
could play a functional role in lipid metabolism [22,28,29].

Mitochondria play a pivotal role in maintaining lipid homeostasis, and disruptions in
their function can lead to the accumulation of lipids within cells. Some hepatotoxicants
induce mitochondrial dysfunction, inhibiting mitochondrial β-oxidation and resulting in
the intracellular accumulation of FA. Activation of PPARα by FA and fibrate drugs regu-
lates FA oxidation pathways, while antagonistic binding inhibits fatty acyl-CoA oxidase,
suppressing microsomal β-oxidation and promoting triglyceride accumulation [19,22].
The estrogen receptor (ER) also regulates appetite and adipose biology, which has a close
relationship with FA uptake by the hepatocytes [22].

The ASPIS cluster, created in the EU Horizon 2020 Research and Innovation pro-
gramme, strives to advance the safety assessment of chemicals while minimizing the
reliance on animal testing (https://aspis-cluster.eu/, accessed on 20 September 2024). AS-
PIS is a collaboration between the projects ONTOX (https://ontox-project.eu/, accessed on
20 September 2024), PrecisionTox (https://precisiontox.org/, accessed on 20 September
2024), and RISK-HUNT3R (https://www.risk-hunt3r.eu/, accessed on 20 September 2024).
The ASPIS cluster creates a network of NAMs using case studies to predict various AOs,
including drug-induced hepatic steatosis.

This paper reviews the use of computational techniques to fill in the missing data gaps
in the AOP network for drug-induced hepatic steatosis. The results of this study provide
valuable insights into the potential of these techniques to improve our understanding of
AOPs and their role in risk assessment. This could have significant implications in the
toxicology field by enabling more accurate predictions of chemical-induced toxicity and the
development of targeted risk management strategies. We propose establishing guidelines
for using in silico strategies to gather the weight of evidence, which can be applied to other
cases where an AOP network has been developed.

2. Computational Methods
2.1. Automatized SAR

The structure–activity relationship (SAR) is a technique based on the connection
between the chemical structure of a molecule and its physicochemical, biological, or toxico-
logical activity. The main idea behind the SAR is that certain structural features determine
significant changes in its biological effects. The molecular substructures responsible for the
toxicological effects of a compound are considered “structural alerts” (SAs) [30,31]. SAs are
typically selected based on scientific publications, expert knowledge, and understanding
of structure–activity relationships, toxicological pathways, and metabolism [32,33]. Al-
ternatively, various statistical pattern recognition techniques can automatically mine SAs
from a dataset of molecules with clear structural information and associated bioactivity
values [32,34].

https://aspis-cluster.eu/
https://ontox-project.eu/
https://precisiontox.org/
https://www.risk-hunt3r.eu/
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For automatic SA generation (automatized SAR), substructures can be identified using
different approaches. Table 1 shows a range of algorithms for the automatic generation of
SAs that use different approaches, such as utilizing predetermined fragments, embedding
molecules into graphs, or employing sets of fingerprints [30,35]. Some researchers have
used strategies based on established fingerprints, like PubChem’s 881-bit fingerprint indi-
cating unique substructures [36] and Klekota’s fingerprint encoding 4860 substructures [37].

Table 1. Programs for automatic SA generation. All links were accessed on 20 September 2024.

Approach Program URL Reference

Fingerprints Bioalerts https://github.com/isidroc/bioalerts [38]

Fragments

CASE (Computer-Automated
Structure Evaluation), MultiCASE https://multicase.com/case-ultra [39,40]

PASS (Prediction of Activity
Spectra for Substances) https://genexplain.com/pass/ [41]

SARpy https://sarpy.sourceforge.net/readme.html [42]

Graphs Gaston [43]
MoSS [44]

Once the set of SAs has been established, statistical metrics such as precision, enrich-
ment factor, and p-value are used to assess their performance [30]. Additionally, as is
characteristic in computational models based on a chemical structure, SAR models have an
applicability domain (AD) [45] that defines the chemical space in which the model’s predic-
tions are reliable, and different methods can be applied to estimate it, including leveraging
the range of descriptors, calculating leverage values, defining descriptors subspaces, or
establishing confidence indices based on nearest neighbours. These methods have been
extensively discussed elsewhere [46,47].

An essential advantage of SAR analysis lies in the rapid computational detection of
these rules in a new set of molecules [33]. Additionally, SAR analysis enables mechanistic
interpretation, associating SAs with specific biochemical mechanisms such as enzyme
activation or ion channel opening [48,49]. This association helps to identify chemicals
sharing a common mechanism of action [31]. The use of molecular fragments or fingerprints
as SAs contributes to visualizing the SAR in terms of actual chemical structure. A simple
2D representation of a molecule with the relevant SAs highlighted (Figure 3) makes it easier
for the user to understand complex chemical interactions. This facilitates the interpretation
and enhances accessibility [50].

Nevertheless, SAs cannot give quantitative results; they can only classify compounds
into discrete groups. To cope with this issue, QSARpy has been introduced, associating
with the fragment a quantitative value related to the potency of the effect [51]. On top of
that, they often give inconclusive results for negative predictions, as the absence of an SA in
a compound is not enough proof to classify it as negative [17,31]. Therefore, they are a weak
option when trying to generate data for constructing a quantitative AOP. Furthermore,
expertise in cheminformatics and toxicology is required to create SAs and understand
their underlying mechanisms [17], which can make developing and updating SAR models
time-consuming [31].

To illustrate the application of SAR analysis in understanding hepatic steatosis, this
section explores examples where researchers have worked to relate SAs with different
points of the steatosis AOP. Mellor and colleagues characterized 214 SAs associated with
binding to 10 nuclear receptors recognized as MIEs in steatosis AOPs: AHR, CAR, ER, FXR,
GR, LXR, PPAR, PXR, retinoic acid receptor (RAR), and RXR [52]. Information on agonists
for these receptors was gathered from ChEMBL and PDB. First, chemical descriptors were
calculated for the ligands to define the chemical space covered by them. Next, structural
features associated with the protein–ligand interactions were identified and encoded into
SMARTS strings, setting the group of SAs that would be applied to an in silico workflow.

https://github.com/isidroc/bioalerts
https://multicase.com/case-ultra
https://genexplain.com/pass/
https://sarpy.sourceforge.net/readme.html
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For most nuclear receptors, the substructural features generally follow a consistent pattern
of examining key scaffolding structures (e.g., ring structures) and subsequent screening
for essential functional groups. Exceptions include RXR and PPAR, which have specific
exclusion rules, as well as GR, AR, ER, and PXR, which implement high molecular weight
filters to accommodate larger ligands with distinct receptor binding patterns compared to
those with lower molecular weights.
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Although not focused solely on steatosis, a publication by Ivanov and colleagues
demonstrated the use of PASS software (https://www.way2drug.com/, accessed on 20
September 2024) to identify protein targets related to drug-induced liver injury (DILI) [53].
They analyzed a set of 699 drugs classified into three DILI severity classes (no DILI,
moderate, and severe). Using the PASS Targets version, they predicted interactions of
these drugs with a total of 1534 human proteins. Among these, they detected 61 proteins
associated with DILI. Notably, out of these 61 proteins, 10 were found to be related to lipid
disorders, which involve a pathological mechanism closely linked to steatosis.

Some of the proteins related to the lipid disorders they identified are particularly
interesting: AHR is an MIE for the steatosis AOP; fructose-1,6-biphosphatase takes part
in the gluconeogenesis pathway, which, when it is excessive, can promote de novo lipid
synthesis, leading to steatosis [54]; dihydroorotate dehydrogenase is involved in the de
novo pyrimidine biosynthesis pathway and is also coupled to the mitochondrial respiratory
chain [55]; some other proteins identified are related to MASLD—and not exclusively to
drug-induced steatosis. This study is an excellent example of how SAR models are useful
for identifying SAs and characterizing possible MIEs for steatosis.

Mitochondrial dysfunction is one of the KEs in the AOP network that has been most
largely studied. In a book chapter published in 2018, Enoch, Mellor, and Nelms compiled
a list of 22 SAs detected on different datasets of chemicals classified as active or inactive
for mitochondrial toxicity [56]. According to their findings, these SAs primarily address
two specific biological mechanisms contributing to mitochondrial dysfunction: the uncou-
pling of oxidative phosphorylation and the inhibition of the electron transport chain. The
inhibition of the electron transport chain occurs when chemicals act as alternate electron
acceptors, facilitating direct electron transport from complex I to complex IV (or oxygen).
These chemicals, exemplified by the 2-nitroaniline moiety, form SA “pairs” where either the
oxidized or reduced form can cause mitochondrial toxicity. A similar rationale applies to
SAs for hydroxynaphthoquinones/naphthoquinones and hydroquinones/quinones. The
uncoupling of oxidative phosphorylation is caused by compounds transporting hydro-

https://www.way2drug.com/
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gen ions across the inner mitochondrial membrane into the mitochondrial matrix. The
mechanistic chemistry behind these alerts stems from their role as weak acids in the inter-
membrane space. In this process, the deprotonated forms scavenge free protons, migrate
into the mitochondrial matrix, and undergo proton dissociation in the alkaline environment.
This cycle, facilitated by a pH gradient between the intermembrane space (pH ≈ 7) and the
mitochondrial matrix (pH ≈ 8), increases oxygen consumption and heat production and
decreases the electrochemical gradient and ATP production. The 13 SAs in this category
exhibit moieties capable of resonance stabilization, which is crucial for proton cycling.

In a follow-up study two years later, Hemmerich and colleagues compiled a dataset
of 5761 compounds from various sources, examining different endpoints related to mi-
tochondrial toxicity [57]. By utilizing fragmentation techniques and alerts proposed by
previous studies [58,59], they identified 17 highly specific alerts that could provide a further
understanding of the potential mode of action. These alerts were combined with a QSAR
predictive model, which was then used to screen the DrugBank dataset, which consists
of 2278 approved or withdrawn drugs. A total of 52 compounds were flagged with the
identified alerts, and further investigation revealed that there is experimental evidence
for 6 of those molecules: amrubicin, tolvaptan, epirubicin, thiothixene, teriflunomide,
and ponatinib.

Shifting the focus to another KE, namely, the accumulation of FAs, we have recently
developed a SAR model using a reduced set of carboxylic acids. The aim was to identify
substructures associated with a steatotic response [60]. We found two relevant substructures
presenting a carboxyl moiety and an aliphatic chain comprising a minimum of three carbon
atoms. While the presence of the carboxyl group was expected, given its ubiquity in the
dataset, the distinguishing factor arose from the aliphatic chain. This characteristic could
differentiate steatotic molecules from their non-steatotic counterparts, which typically
exhibit a ring in their structure.

In 2021, Jain and colleagues analysed enriched chemical substructures in the steatosis-
positive class within their dataset [21]. They identified three significantly enriched scaffolds
and utilized the ChemoTyper program [61] to pinpoint enriched structural fragments in
the positive class. Of note, eight of the substructural patterns they discovered contained
halogens, which is coherent with the fact that halo-alkanes and halo-alkenes can potentially
induce toxicity and cancer based on their ability to form a stable carbon-centred radical. As
the number of halide groups increases, so does the likelihood of radical formation due to
the growing electron-withdrawing capacity from the carbon centre. Reactive intermediates
can bind to macromolecules and disrupt lipid metabolism, ultimately leading to steatosis.

Focusing on the prediction of general hepatotoxicity, in 2010, a group of researchers
performed extensive literature research to identify SAs associated with DILI [62]. They
identified 22 SAs through visual analysis and the consideration of therapeutic endpoints
after collecting data on more than 1200 chemicals. The researchers mentioned tetracyclines
as an example of steatogenic compounds. Tetracyclines prevent the movement of triglyc-
erides from the liver by inhibiting protein synthesis and causing mitochondrial damage.
They have been widely demonstrated in both humans and in vitro models to produce
steatosis [63].

A team of researchers employed SARpy in 2016 to automate the extraction of SAs to
characterize DILI [17]. They gathered information from several human datasets to compile
their dataset comprising 950 compounds labelled either hepatotoxic or non-hepatotoxic.
Using the similarity index, the researchers utilized a manual clustering process within
the VEGA platform to identify SAs. This process led to the identification of 13 SAs, 11 of
which were hepatotoxic. They also utilized SARpy to automatically extract 75 SAs, 40 of
which were related to hepatotoxicity. While the authors were able to provide a mechanistic
explanation for some of the SAs they identified, they were unfortunately unable to directly
relate any of the SAs to steatosis.

In conclusion, SAR analysis facilitates the identification of SAs, and, with the input of
experts’ knowledge, it enables the explanation of the underlying biological mechanisms
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related to the interaction of compounds with specific substructures and the prediction of
the potential implication of specific proteins or enzymatic cascades in the occurrence of
an AO.

2.2. QSAR

Quantitative structure–activity relationships (QSARs) are statistical models that ex-
plore the correlation between molecular descriptors encoding the intrinsic nature of the
chemicals studied and a determined property or biological activity [64]. These models,
often developed through ML algorithms, rely on a clear structural definition of molecules
associated with the property or activity of interest [65,66], as happens with a SAR analysis.
However, unlike SAR models, which are typically qualitative, QSAR models can provide
both qualitative classifications (e.g., toxic vs. non-toxic) and quantitative predictions (e.g.,
IC50 values, binding affinities, etc.) [67].

The process of constructing a QSAR model follows a systematic workflow comprising
several key steps, as illustrated in Figure 4: data gathering and curation to ensure that the
available information (chemical structures and property of study) is suitable for modelling;
the calculation of molecular descriptors; feature selection to identify the most relevant
descriptors; model training using ML algorithms; validation to ensure its predictive per-
formance and reliability; and determination of the model’s AD [47,68]. The quality of a
QSAR model depends on factors such as the quality of input data, choice of descriptors,
and statistical methods for modelling and validation [69].
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In QSAR modelling, several types of molecular descriptors exist, such as physico-
chemical (e.g., molecular weight, solubility, etc.); graph-theoretical descriptors, which
involve counts of atoms and fragments; mathematical descriptors that contribute complex-
ity metrics; fragment-based descriptors that use predefined fragments, chemical groups, or
molecular fingerprints; and 3D descriptors that consider volumetric aspects and molecular
shape [33,66,70]. These descriptors accurately represent molecular structure or properties
and are crucial in establishing a correlation between biological activity or physicochemical
properties in QSAR models. In recent years, biology-related fingerprints were introduced
as descriptors for QSAR models [71], such as, e.g., compound/pathway interaction finger-
prints, as outlined in Füzi et al. [72].

In the last two decades, ML techniques have revolutionized QSAR modelling, enabling
more accurate predictions of chemical properties and activities. Traditional QSAR methods
have relied on congeneric series of compounds and predefined molecular descriptors,
which limited their ability to predict complex biological phenomena [73]. With the advent
of ML, QSAR modelling has broadened its scope [64,73]. Techniques such as random forest
and Support Vector Machine have become popular for their robust predictive capabilities.

More recently, deep learning, particularly deep neural networks, has shown superior
performance in QSAR applications. Deep neural networks can model chemical properties
directly from molecular structures, like SMILES strings, without relying on pre-extracted
descriptors [67,70]. This data-driven approach departs from traditional ML, offering greater
flexibility. Deep neural networks can also perform multitask learning, which is especially
beneficial when biological endpoints share a similar mode of action [64,73].

However, deep neural networks face challenges, including high computational de-
mands, interpretability issues, and the need for large datasets. In some cases, simpler
models, such as single-layer neural networks, may perform comparably to traditional
ML methods, especially when data scarcity or experimental errors limit accuracy [64].
Despite these challenges, ongoing advancements in deep learning are expected to enhance
QSAR model accuracy as more sophisticated architectures and larger datasets become
available [73].

Ensuring the reliability and predictive power of QSAR models requires robust valida-
tion strategies. The first step is the evaluation of the statistical parameters (e.g., coefficient
of determination, Matthews correlation coefficient, accuracy, sensitivity, and specificity).
Typically, the dataset is partitioned into training and test sets, with approximately 25–35%
of molecules allocated to the test set, which is a significant proportion of the total dataset.
Model performance can be further assessed using leave-one-out cross-validation and k-fold
cross-validation, which offer insights into goodness-of-fit and robustness [69]. On the other
hand, external validation evaluates the model’s predictive ability on independent datasets
not used during model building, demonstrating its capability to predict outcomes for new
compounds [68]. To avoid chance correlations, overtraining, or weak reproducibility, addi-
tional strategies, such as using additional independent datasets and the y-randomization
test, are implemented [66]. Moreover, the model’s AD must be established based on the
training set or the model’s characteristics, as described elsewhere [46,47]. Together, these
validation steps play a crucial role in establishing the credibility and applicability of QSAR
models in predicting molecular activities.

Once a QSAR model has been developed and validated, it can be utilized to predict
the biological activities or properties of a new molecule whose chemical structure is known,
and which enters the AD. To have a reliable SAR or QSAR prediction, we must ensure
that the molecule is within the AD of the model and that the probability of the prediction
is acceptable for those models where the probability can be measured. In the desirable
scenario, the prediction unequivocally meets these two criteria.

On the other side, several scenarios can give unreliable predictions:

• For those molecules that fall outside the AD, the prediction cannot be considered.
• For those chemicals that are located near the boundaries of the AD, the prediction will

be associated with higher uncertainty.
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• For models where the relationship to the AD cannot be unequivocally established—such
as those based on physicochemical descriptors, where the reliability of each input is chal-
lenging to be determined—the analysis should focus on non-experimental descriptors.

• For those predictions with a probability between 0.3 and 0.7, the results of the model
will be considered unreliable or inaccurate.

In this context, models built from large training sets and broader chemical space will
be more capable of generating predictions for a wider variety of chemical structures than
smaller, more structurally and mechanistically homogeneous models [74–76].

QSAR models are highly efficient and can be easily automated, enabling the evaluation
of a large number of molecules in a short amount of time [65,66,77]. These models can
predict not only categorical outcomes but also quantitative values, making them highly
versatile tools in cheminformatics.

While QSAR models offer high predictive capabilities, they also present inherent
limitations. The main challenge lies in mechanistic interpretation due to the non-intuitive
nature of molecular descriptors [49,70]. Additionally, the relationship between bioactivity
and descriptors can be challenging to comprehend, lacking clear intelligibility.

QSAR models can predict biological activities, enabling them to predict MIEs, KEs, and
AOs. Several studies have addressed the QSAR modelling of different nuclear receptors that
are identified as MIEs for steatosis [78–81]. Additionally, in 2018, Gadaleta and colleagues
developed a set of nine QSAR models for in vitro high-throughput screening assays related
to MIEs in the AOPs leading to liver steatosis: up- and downregulation of PXR, AHR,
and LXR, as well as upregulation of PPARα, PPARγ, and NRF2 (nuclear factor (erythroid-
derived 2) like 2) [25]. They used data provided by the ToxCast program [82] and employed
strategies to address the issue of unbalanced datasets.

On the other hand, several publications have shown the development of QSAR models
to predict mitochondrial toxicity as an essential KE in steatosis. For example, Tang and
co-authors used Tox21 data [83] to generate discriminant QSAR models for mitochondrial
toxicity [84]. The authors found that a consensus model that combines the results of indi-
vidual models using different types of molecular fingerprints as descriptors can improve
the accuracy of the predictions. Substructure analysis revealed that phenol, carboxylic
acid, nitro, and arylchloride are informative substructures for mitochondrial toxicity dis-
crimination. Furthermore, researchers at Bayer published a paper on developing a suite of
machine-learning models to predict mitochondrial toxicity, leveraging both mechanistic and
cell-painting data [85]. They collected mechanistic assay results for membrane potential,
respiratory chain, and mitochondrial function from diverse sources. They built individual
mechanistic models using continuous and data-driven molecular descriptors [67] and,
in parallel, developed models trained on morphological features identified in cell paint-
ing assays, independently or in conjunction with the molecular descriptors, and notably,
including cell painting profiles demonstrated a marked enhancement in the predictive
performance for mitochondrial toxicity.

In a different matter, we previously developed two QSAR models to predict FA
and phospholipid accumulation biomarkers, which can aid in differentiating between
steatosis and phospholipidosis [60]. To build these models, we utilized data from high-
content screening in vitro assays conducted on HepG2 cells exposed to a set of structurally
similar carboxylic acids. Our analysis revealed that changes in chain length, flexibility, and
molecular weight were important factors linked to FA accumulation.

Additionally, there have been attempts to develop QSAR models to predict hepatic
steatosis as the primary endpoint. In 2020, researchers working on the EuroMix project
(https://www.euromixproject.eu/, accessed on 20 September 2024) attempted to predict
steatosis using QSAR models for nuclear receptors related to steatosis. However, these
models did not perform as well as expected. Consequently, they developed a QSAR
model to predict steatosis using a dataset of 207 pharmaceuticals and pesticides identified
from in vivo assays on rodents [86]. The model’s descriptors included average molecular

https://www.euromixproject.eu/
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weight and SlogP, which is a hybrid atomic calculation of the partition coefficient between
n-octanol and water.

That same year, another research study focused on developing binary classification
models for four mechanisms that lead to drug-induced liver injuries, including steatosis [87].
The study used data on 257 drugs collected from DILIrank [88] and PharmaPendium [89]
datasets, as well as 318 drug metabolites obtained from the ADME database [90].

The study found that including drug metabolite sets improved the performance of the
models, highlighting the importance of drug metabolism in the prediction of hepatotoxicity.
The researchers utilized 2D fingerprints to identify significant structural characteristics more
commonly found in the DILI-positive class. They compared the positive and negative sets
and the drug and drug metabolite datasets to study the metabolic activation of compounds.
They revealed that moieties such as phenyl and hydroxyl attached to aromatic carbons were
more frequently observed in positive drug metabolites than in positive drugs. Conversely,
carbon–nitrogen bonds were observed to be less frequent in positive drug metabolites than
in positive drugs. The different bioactivation and detoxification processes in hepatocytes
can cause these differences. However, these structural differences suggest that it is incorrect
to assume that metabolites derived from a steatotic drug would necessarily be steatotic
themselves. The metabolic transformations in the liver can significantly alter the toxicity
profile of the metabolites, meaning that each metabolite must be individually assessed for
its hepatotoxic potential.

A year later, Jain and coworkers explored the development of QSAR models for
predicting hepatic steatosis using different combinations of chemical descriptors and pre-
dictions of transporter interactions and nuclear receptor activation/deactivation [21]. They
used an unbalanced database of in vivo studies on rodents with repeated oral exposure,
consisting of 120 active and 921 inactive compounds. Consequently, they explored the use
of unbalanced learning techniques like bagging with stratified under-sampling and confi-
dence predictors to train their models. While both meta-classifiers proved beneficial, the
study underscores the specific utility of confidence predictors, emphasizing their potential
relevance to predictive toxicology. Additionally, despite statistically insignificant perfor-
mance differences, the researchers recommend further inspection of the role of transporters
in hepatic steatosis and advocate for their inclusion into newer AOPs.

The performance metrics of the QSAR models discussed in this section, including
accuracy, sensitivity, specificity, and correlation coefficient in the case of Al Sharif’s model
for PPARγ [78], are provided in Supplementary Table S2.

In summary, the versatility and predictive power of QSAR models, coupled with their
ability to analyse large datasets efficiently, make QSAR models a valuable computational
tool, particularly in the context of AOP data gap filling.

2.3. Read-Across

Read-across is founded on the principle that chemicals with comparable molecular
structures are likely to share similar chemical, toxicokinetic, and toxicodynamic proper-
ties [91,92]. This approach uses information from chemical analogues with known toxicity
within the same chemical group or “category” to assess unknown chemicals [93,94].

A chemical category is a group of chemicals that exhibit a similar biological action pat-
tern and comparable toxicity or properties [93,95]. Similarity can be determined by shared
functional groups, with common precursors leading to structurally similar metabolites or
a consistent pattern in the variation of properties across the group [95,96]. However, it
is important to note the inadequacy of relying solely on structural similarities to predict
substance properties. Comprehensive scientific justification integrating various properties
is recommended to address the potential toxicological impacts of structural variations [97].
This includes multiple lines of evidence, such as chemical structure, molecular properties,
ADME (Absorption, Distribution, Metabolism, and Excretion) profiles, and biological as-
says [92,98]. Enoch and colleagues highlighted that defining chemical similarity based on a
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clear MIE yields the most accurate prediction [56], emphasizing the importance of a holistic
evaluation of biological and physicochemical properties in read-across assessments.

In the context of a read-across assessment, source chemicals are reference points for
toxicity estimation within a category, while target chemicals are the compounds being
estimated [99]. Read-across can be applied in four ways: first, “one-to-one”, where a single
similar chemical is used to estimate the target chemical (Figure 5A); second, “one-to-many”,
where a single analogue is used to make estimates for multiple target chemicals (Figure 5B);
third, “many-to-one”, where multiple source chemicals are used to estimate the target
chemical (Figure 5C); and, finally, “many-to-many”, where multiple source analogues are
used to make estimates for multiple target chemicals (Figure 5D) [92,100,101].
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There are two ways to conduct a read-across: the analogue and the category ap-
proaches. The analogue approach is used when only a few structurally similar substances
are available with no apparent pattern in their properties. In this approach, the results of
studies conducted on the source substance are directly applied to the target substance for
all parameters, often using a worst-case scenario. This approach is generally susceptible to
uncertainty [95,97,101]. On the other hand, the category approach is used when several
substances share structural similarities and can be grouped based on defined characteristics
and differences. Toxicological properties within the group are expected to be similar or
exhibit a regular pattern, and predictions for target substance(s) can be made based on
this pattern [97]. If no regular pattern is evident for a specific property among category
members, a conservative read-across may be made from a category member with rele-
vant information using a worst-case approach [95]. In this context, a worst-case approach
ensures that the predicted effects for the target substance are not underestimated, with
scientific explanations potentially rooted in kinetic or potency considerations. One notable
advantage of this approach is that it enhances confidence in the reliability of results for
individual substances within the category. This is due to identifying consistent patterns of
effects within the category, which is a more robust and comprehensive evaluation compared
to an assessment conducted on a substance-by-substance basis [101].
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The workflow for read-across involves seven key steps: defining substance identity,
providing comprehensive documentation, selecting the appropriate scenario, developing
a hypothesis, gathering supporting evidence, evaluating assessment elements, and con-
cluding the scientific acceptability of the read-across. These steps have been extensively
described in the European Chemicals Agency (ECHA) Read-Across Assessment Frame-
work (RAAF) [95]. Several publicly available tools can be used at different stages of the
read-across workflow, as illustrated in Table 2. The characteristics and applicability of these
tools have been thoroughly analysed and compared in prior works [97–99,102].

Table 2. Publicly available tools for the read-across workflow. All links were accessed on 20
September 2024.

Tool Remarks Link Reference

AMBIT Used for substance identification and
similarity assessment. https://cefic-lri.org/toolbox/ambit/ [103]

QSAR Toolbox

Utilized to develop hypotheses and
evaluate assessment elements by

providing mechanistic and
endpoint-specific data.

https://qsartoolbox.org/ [104]

ToxRead
Provides toxicity predictions and
read-across justification based on

structural and mechanistic similarities.

https://www.vegahub.eu/download/
toxread-download/ [105]

ToxMatch
Useful for identifying substances and

scenarios by finding similar compounds
and creating matrices.

https://toxmatch.sourceforge.net/ [106]

GenRA

Supports hypothesis development and
evaluation by offering a read-across

methodology that predicts toxicity based
on chemical similarity and existing data.

https://comptox.epa.gov/genra/ [107]

ToxGPS

Used for collecting evidence and
evaluating assessments by combining
data sources to offer detailed toxicity

profiles and predictions.

https://mn-am.com/products/
chemtunestoxgps/ [108]

VERA Uses multiple similarity metrics and
clusters of analogues

https://www.vegahub.eu/portfolio-item/
vera/ [109]

When a read-across prediction is performed, the following can enhance the confidence
of the prediction:

• Scientific justification that the target chemical belongs to the category of the
source chemicals.

• Experimental data from source chemicals that fall within the predicted values for the
target chemical, indicating interpolation rather than extrapolation.

• Consideration of multiple source chemicals in the prediction process (a many-to-
one approach).

• Integration of the prediction as part of a weight of evidence alongside data from other
sources, such as ADME properties or relevant in vitro studies.

This evaluation of a read-across-based prediction is usually performed a posteriori,
and, finally, it requires an expert judgment evaluation, which is very difficult to automatize.

In an attempt to assess this confidence, Myatt et al. introduced a scoring method, not
only to read-across, to evaluate the reliability of in silico methods in general. This scoring
considers the reliability, relevance and coverage of information [110]. Related to that, the
ECHA RAAF also provides relevant guidelines to evaluate these aspects [95]. Nevertheless,
as far as we know, there is no available tool to evaluate the confidence assessment in an
automatic way.

Read-across is a practical alternative to other in silico techniques, such as SAR and
QSAR models, especially when the toxicity data are limited. Unlike SAR and QSAR model

https://cefic-lri.org/toolbox/ambit/
https://qsartoolbox.org/
https://www.vegahub.eu/download/toxread-download/
https://www.vegahub.eu/download/toxread-download/
https://toxmatch.sourceforge.net/
https://comptox.epa.gov/genra/
https://mn-am.com/products/chemtunestoxgps/
https://mn-am.com/products/chemtunestoxgps/
https://www.vegahub.eu/portfolio-item/vera/
https://www.vegahub.eu/portfolio-item/vera/
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development, where a large dataset of compounds with known activity is required, read-
across allows experts to use prior knowledge to identify suitable source chemicals. For
this reason, it is possible to infer the activity of the target chemical even when only a few
chemicals have toxicity data. One notable advantage of read-across is that it allows the
interpretability of the association between chemical structure and activity, which is a feature
often lacking in QSARs. Additionally, contrasting with the use of SAs, it is possible to
predict the absence of a property or effect by using read-across from a negative result. This
method is considered valid and convincing if the test design is adequate. Moreover, read-
across in toxicology is a versatile approach that can model both qualitative and quantitative
data, offering simplicity and transparency in its application [93,94,101,111].

Although read-across has proved to be a very useful tool for risk assessment, it also has
several limitations that must be recognized. One significant challenge is the limited number
of available source chemicals for a target chemical in small datasets. The effectiveness of
read-across depends on data availability and quality for similar chemicals, which poses
a limitation in cases where information is scarce or of insufficient quality. Additionally,
the potential for inaccurate predictions arises when dealing with source chemicals that
exhibit conflicting toxicity profiles. Another significant drawback is the reliance on expert
knowledge, which introduces subjectivity and variability into the methodology. The current
read-across methods rely heavily on the expertise of the individual conducting the study,
which can lead to a lack of reproducibility and objectivity. This subjectivity appears in
the selection of source chemicals and the interpretation of data, creating uncertainties and
hindering the development of standardized practices [93,94,111].

Read-across has been used in several case studies related to hepatic steatosis. In the EU-
ToxRisk project context, a microvesicular liver steatosis case study was developed. A group
of 19 aliphatic carboxylic acids was evaluated in vitro for their potential to cause MIEs or
KEs described in the AOP for liver steatosis [112]. From this case study, a set of publications
were made with different read-across approaches. First, the Organization for Economic
Co-operation and Development (OECD) published a read-across case study to assess the
potential for 2-ethylbutyric acid to cause liver toxicity [92,113]. They used a group of
aliphatic carboxylic acids, some known to cause liver steatosis, as source substances for the
approach. Despite activating a single MIE (PPARα), in vitro and in silico data contradicted
the hypothesis that 2-ethylbutyric acid might cause liver steatosis after 90 days of treatment.
This finding aligns with the trend observed in source chemicals, where MIE activation
and the potential to induce lipid accumulation decrease with shorter side chain length.
Afterwards, the team published a study to enhance the application of chemical read-across
in risk assessment by investigating transcriptomic responses of primary human hepatocytes.
The focus was on 18 structurally different analogues of valproic acid known to cause hepatic
steatosis in rodents [114]. The study revealed that compounds highly structurally related
to valproic acid exhibited similar transcriptomic responses regarding gene expression
patterns and potency. They highlighted the importance of integrating biological and
physicochemical data to enhance read-across approaches. Later, they conducted a case
study on 13 branched aliphatic carboxylic acids that were structurally similar [26]. They
aimed to investigate the use of human-based NAMs to establish biological similarity. The
study found a correlation between side chain length and the biological activity of the
carboxylic acids. Longer-chain chemicals showed more significant activity in terms of
MIEs and KEs. The study also highlighted the importance of considering late KEs for
confirmation, as progression from MIEs to AOs was not guaranteed.

A different study investigated the limitations of using structural similarity alone for
read-across in hepatotoxicity research and proposed integrating in vitro omics technologies
to improve accuracy [115]. The investigation focused on three structural analogues of p-
dialkoxy chlorobenzenes and identified shared biological pathways aligned with observed
hepatotoxicity in the source chemical 1,4-dichloro-2,5-dimethoxybenzene. The study found
that exposure to these chemicals induced cytochrome P450 (CYP) 4 family genes, linking
them to peroxisome proliferators and emphasising the importance of considering metabolic
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predictions. They identified several biological pathways altered by these chemicals, includ-
ing mitochondrial dysfunction and FA β-oxidation. The study demonstrated the potential
utility of in vitro toxicogenomics for grouping chemicals in read-across.

In summary, while read-across presents some limitations, it is a valuable tool in
toxicology and has a high regulatory acceptance.

2.4. Omics

“Omics” is a term used to describe the set of technologies that generate high-content
data sets with measurements of gene transcripts, DNA methylation, proteins, metabolites,
and lipids [116]. These assays produce large, diverse data sets, requiring bioinformatics
tools for processing. Advanced computational techniques, including data mining, ML,
and statistical methods, are essential for analysing these data and building prediction
models [117]. Analysing omics data is essential to identify significant differences between
experimental conditions. This analysis is critical for functional enrichment, which helps to
identify altered biological pathways after exposure to a compound. Pathway databases
such as Gene Ontology [118] or Kyoto Encyclopaedia of Genes and Genomes [119] can be
used for this purpose. While processing vast volumes of data presents challenges, database
technologies and new statistical algorithms offer solutions [120].

Recently, omics technologies have given birth to a new branch of toxicology known
as toxicogenomics [121], which, by integrating omics data analysis and computational
toxicology, investigates toxicity pathways and cellular responses to exposure to chem-
ical substances [9,122,123]. Within the AOP framework, this integration facilitates the
identification of downstream effects of MIEs and supports KEs by detecting molecular
changes [5,9,14,116]. Most importantly, toxicogenomics provides highly valuable mech-
anistic information and is crucial in constructing AOPs by offering information on KEs,
pathway enrichment, and biomarkers for toxicity testing [14,124].

A growing number of omics and toxicology databases useful for AOP development are
available in the public domain, reducing the need for further experimentation through data
reuse. Resources such as PubChem [125], ChEMBL [126], ToxNet [127], DrugMatrix [128],
TG-GATEs [129], Connectivity Map [130], LINCS [131], and the Comparative Toxicoge-
nomics Database [132] can be used to retrieve data from in vitro and in vivo experiments
for AOP development [14,116,133]. Additionally, Table 3 shows examples of omics-based
databases that provide relevant data for AOP studies.

Table 3. Omics data repositories. All links were accessed on 20 September 2024.

Omics Data Repositories Website Reference

Genomics

Cell Collective https://cellcollective.org/# [134]
EGA (European Genome-

phenome Archive) https://ega-archive.org/ [135]

ENA (European Nucleotide Archive) https://www.ebi.ac.uk/ena/browser/home [136]
EVA (European Variation Archive) https://www.ebi.ac.uk/eva/ [137]

Transcriptomics

ArrayExpress https://www.ebi.ac.uk/biostudies/arrayexpress [138]
dbGaP (database of Genotypes and

Phenotypes) https://www.ncbi.nlm.nih.gov/gap/ [139]

ExpressionAtlas https://www.ebi.ac.uk/gxa/home [140]
GEO (Gene Expression Omnibus) https://www.ncbi.nlm.nih.gov/geo/ [141,142]

SRA (Sequence Read Archive) https://www.ncbi.nlm.nih.gov/sra [143]

Proteomics

JPOST (Japan Proteome Standard)
Repository https://jpostdb.org/ [144]

MassIVE (Mass Spectrometry Interactive
Virtual Environment)

https:
//massive.ucsd.edu/ProteoSAFe/static/massive.jsp [145]

PaxDb (Protein Abundance Database) https://pax-db.org/ [146]
PeptideAtlas https://peptideatlas.org/

PRIDE https://www.ebi.ac.uk/pride/archive/ [147]
ProteomeXchange https://www.proteomexchange.org/ [148]

ProteomicsDB https://www.proteomicsdb.org/ [149]

Metabolomics
HMDB (Human Metabolome Database) https://hmdb.ca/ [150]

MetaboLights https://www.ebi.ac.uk/metabolights/ [151]
Metabolomics Workbench https://www.metabolomicsworkbench.org/ [152]

https://cellcollective.org/#
https://ega-archive.org/
https://www.ebi.ac.uk/ena/browser/home
https://www.ebi.ac.uk/eva/
https://www.ebi.ac.uk/biostudies/arrayexpress
https://www.ncbi.nlm.nih.gov/gap/
https://www.ebi.ac.uk/gxa/home
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/sra
https://jpostdb.org/
https://massive.ucsd.edu/ProteoSAFe/static/massive.jsp
https://massive.ucsd.edu/ProteoSAFe/static/massive.jsp
https://pax-db.org/
https://peptideatlas.org/
https://www.ebi.ac.uk/pride/archive/
https://www.proteomexchange.org/
https://www.proteomicsdb.org/
https://hmdb.ca/
https://www.ebi.ac.uk/metabolights/
https://www.metabolomicsworkbench.org/
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The following section provides more details about the four main omics and how they
can be applied in AOP development.

2.4.1. Genomics

Genomics involves studying an organism’s complete set of DNA, including all its genes
and their interactions with each other and the environment. It encompasses technologies
like gene sequencing and genotype analysis [153]. Genomics can be used for risk assessment
by analysing multiple variants across the entire genome and their impact on susceptibility
to compound exposure [123]. The individual’s susceptibility to toxicity from exposure to a
compound can be determined at the genome level by considering both pharmacokinetic
(distribution, metabolism, and excretion) and pharmacodynamic (response of the tissues to
the chemical) aspects [154], although it is not possible to detect effects of the exposure to
chemical compounds on the individual, as genomics are not dynamic processes [155].

Genomic studies can be particularly beneficial in cases of idiosyncratic DILI, which
involves unexpected adverse reactions in susceptible individuals at safe doses for the
general population. Genetic polymorphisms, particularly those related to CYP and con-
jugating enzymes, are among the risk factors associated with idiosyncratic DILI. These
polymorphisms are believed to contribute to variations in drug metabolism, which can
lead to the accumulation of the compound or production of toxic metabolites [156,157] or
alterations of immune-related genes, such as the human leukocyte antigen gene or genes
related to cytokines [158]. For example, the influence of genetic variation of PXR on drug
metabolism and clearance has been studied to reveal that it influences the expression of
multiple CYPs and plays an important role in glucose homeostasis [159].

In 2011, researchers collected information on a list of genes whose hereditary alteration
causes hepatic steatosis [160]. They pointed out that although the errors of metabolism
observed in these disorders are observed in a minority of patients, they provide valuable
information on the metabolic pathways involved in hepatic steatosis. A more recent study
by the Genome-Wide Association used 1483 cases of MASLD and more than 17,000 con-
trols [161]. This study identified genetic signals at four locations (chromosomes 2, 4, 19, and
22), with PNPLA3 confirmed as a risk factor for the full spectrum of MASLD. Additionally,
novel signals such as PYGO1 were associated with steatosis, implicating Wnt signalling
pathways in MASLD pathogenesis. Studies on different patient cohorts have identified
TM6SF2 and GCKR as key genes in the progression of MASLD [155]. Although MASLD is
not directly caused by drug exposure, identifying these polymorphisms can help identify
patients vulnerable to developing steatosis when undergoing pharmacological treatment.

Genomics can also be applied to cross-species extrapolation to help discern the dif-
ferences in response between animal and human models [123,154]. A 2018 review article
focused on AHR and analysed differences among tissues, organs, and species, considering
AHR ligands as modulators of this nuclear receptor [162]. Analysing data from 20 studies
performed on human, rat, and mouse cell lines, they detected differences in the toxic
equivalency factors of several ligands dependent on the species.

2.4.2. Transcriptomics

Transcriptomics involves the global measurement of RNA transcripts in a biological
system, reflecting the simultaneous transcription of all genes at one point in time [153].
Different technologies are used for transcriptomics analysis, starting with quantitative
polymerase chain reaction (qPCR) arrays, suitable for a few dozen genes, while targeted
transcriptomic panels (microarrays) are used for hundreds to thousands of genes. RNA
sequencing (RNA-Seq) enables comprehensive transcriptome analysis, whereas targeted
RNA-Seq (TempO-seq) balances specificity with broader investigation [9,163]. RNA-Seq
has garnered particular interest in the study of liver injury due to its wider dynamic range,
making it more adept at detecting genes relevant to hepatotoxicity than microarrays [158].
However, this type of data is also difficult to analyse and interpret and requires a high level
of genomic annotation.
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For the statistical analysis of transcriptomics data to identify significant differences
between experimental conditions, two different approaches can be applied: those analysing
individual gene expression (e.g., fold change, rank product, etc.) and those considering the
entire distribution (e.g., Bayesian, counting methods, etc.) [133,164]. Subsequently, the data
undergo functional analysis to assign biological significance to the results.

The analysis of transcriptomics data helps characterize specific changes in the tran-
scriptome, generating “transcriptomic signatures” that can play a crucial role in developing
an AOP. Thus, transcriptomic data provides a solid basis for defining MIEs and KEs. Ad-
ditionally, they can help identify a set of biomarkers associated with the AO, which can
guide toxicity testing and hazard identification [8,165].

Transcriptomic techniques have been used to characterize the downstream effects
of the interaction of certain compounds with proteins identified as MIEs of the AOP for
hepatic steatosis. For example, microarrays were used to identify upregulated genes when
human hepatocytes were treated with rifampicin, which is a well-known PXR agonist [166].
It was observed that the expression of genes such as CYP3A4, CYP2B6, multidrug resistance
gene, ALAs1 and thyroid hormone-responsive SPOT14 homolog was increased.

Transcriptomic responses have also been used to identify specific genes and pathways
associated with KEs related to hepatic lipid metabolism. For example, a study used
transcriptome analysis to investigate three steatogenic compounds (amiodarone, valproic
acid, and tetracycline) [63]. Amiodarone and valproic acid upregulate lipid metabolism,
while tetracycline downregulates mitochondrial functions and fibrosis. The study suggests
that all three compounds may affect PPAR signalling. In 2022, a set of 18 valproic acid
analogues was assessed using primary human hepatocytes, which revealed differences in
potency and highly similar expression patterns for structurally related compounds [114].

Some authors have taken advantage of the large amount of transcriptomics data
available in public databases such as those listed in Table 3. For example, Abedini and
colleagues used data from DrugMatrix [128] to perform a differentially expressed gene iden-
tification and pathway analysis [167]. The pathways identified through statistical analysis
included glycolysis/gluconeogenesis, steroid hormone biosynthesis, retinol metabolism,
metabolism of xenobiotics by CYP, PXR/RXR activation, AHR signalling, and xenobiotic
metabolism signalling.

AbdulHameed and colleagues used pre-existing transcriptomic data on 18 known
steatogenic chemicals to identify genes and pathways associated with drug-induced steato-
sis [168]. They found that pathways like the retinol metabolism were consistent across
species and identified mitochondrial toxicity as a KE for steatosis.

Other studies chose a broader perspective and studied DILI using ML approaches on
transcriptomic data. In the book Artificial Intelligence in Drug Design, chapter 18 presents
an example model built using data from LINCS L1000 [131] and offers a guide on each step
to build the ML model from transcriptomics data [169]. Some years prior, information on
77 compounds from the same database was used to identify the pathways altered by each
compound [170]. They incorporated the transcriptomic data into a genome-wide metabolic
model of hepatocytes to estimate the overall effects of chemical perturbation on the cell.
Using this approach, they could identify, on average, 40 metabolic reactions activated under
chemical perturbations.

2.4.3. Proteomics

Proteomics is a multidisciplinary field that studies the functional outcomes en-
coded by genes by studying dynamic collections of proteins, known as proteomes, in
living systems [9,120,153]. Proteomic experiments generally collect data on three prop-
erties of proteins in a sample: location, abundance/turnover, and post-translational
modifications [9,153,171].

The most common technique for protein detection is mass spectrometry (MS), which has
recently evolved to more advanced techniques like Tandem MS and imaging MS [149,172].
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Isotope labelling techniques, like isotope-coded affinity tags and stable isotope labelling with
amino acids in cell culture, can be applied to facilitate protein detection [117,120,173,174].

Proteomics is a powerful tool in toxicology, and two types of proteomic studies are
commonly used. The first type focuses on understanding the molecular responses of a
biological system exposed to a toxicant, which can provide knowledge of the cascade of
events leading to changes in protein expression and function [153,174,175]. The second
type of study is dedicated to identifying the molecular targets of the toxicant itself due to
proteomics’ broad scope and in-depth analysis capabilities [175]. These molecular targets
could be identified as MIEs in the context of an AOP.

Even though proteomics is a valuable technique for toxicological assessment, it has
not been extensively used for studying steatosis [155]. Some proteomic studies have
generated data on a few compounds that cause steatosis using in vivo or in vitro models.
Tetracycline was demonstrated to affect mitochondrial proteins involved in β-oxidation
of FAs, especially acyl-CoA dehydrogenase [176]. Braeuning et al. conducted an in vitro
study using proteomic analysis to investigate the hepatotoxicity of methapyrilene in rat
hepatocytes [177]. They found that methapyrilene caused significant changes in amino acid
and ammonia metabolism, branched-chain amino acid metabolism, urea and tricarboxylic
cycle enzymes, and lipid metabolism. On top of that, even at non-toxic concentrations,
methapyrilene triggered inflammatory responses.

2.4.4. Metabolomics

Metabolomics involves the comprehensive analysis of small molecule intermediates
and end products resulting from various biological processes. Categorized into intracel-
lular, extracellular, microbial, and xenometabolome, they reflect the actions of proteins
in biochemical pathways, which are influenced by the genome, transcriptome, proteome,
environmental factors, drugs, and underlying diseases [117,153,178,179]. Two complemen-
tary analytical platforms are used for metabolomics: nuclear magnetic resonance (NMR),
standing out for its robustness and non-destructibility, and MS, which provides very high
sensitivity [153,178–181].

Metabolomics can play a role in developing AOPs by contributing to the understand-
ing of toxic agents’ mechanisms through a subfield known as toxicometabolomics [178].
This approach involves studying metabolites as downstream elements of toxicological
mechanisms, providing structural and quantitative data to identify new biomarkers and
target organs [9]. Toxicometabolomics not only offers insights into the mechanisms un-
derlying KEs but also directly links specific metabolites to KEs within an AOP, thereby
enhancing the causal understanding of the pathway components leading to AOs [165,182].

Metabolomics techniques have effectively characterized steatosis in various studies.
For instance, a study employed MS to characterize steatosis induction in HepaRG cells
through exposure to sodium valproate at four concentrations [183]. The research team
discerned distinct patterns between the exposed and control cells, selecting up to 200
features via multivariate analyses that serve as potential biomarkers for steatosis. Among
the identified biomarkers were diacylglycerol, triglyceride accumulation, and carnitine
deficiency. Initial toxic responses revealed heightened levels of S-adenosylmethionine
and mono-acetylspermidine, coupled with a moderate increase in triglycerides. Moreover,
the study uncovered novel specific toxicity markers, including spermidines, creatine,
and acetylcholine.

A study used a different approach to develop a technique for early detection of drug-
induced steatosis [184]. This group opted to identify urinary metabolite changes associated
with tetracycline-induced hepatic steatosis in rats at different disease stages. Combining
NMR and MS, they revealed that exposure to 125 mg/kg of this compound potentially
induced steatosis, as confirmed by histological and triglyceride content analyses. The inte-
grated analysis of these metabolomic platforms, alongside multivariate statistical methods,
which identified six urinary metabolite changes across six metabolic pathways. Notably,
lysine concentration correlated with liver damage, providing insights into the pathogenesis
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of steatosis development. The combination of metabolomics techniques demonstrated their
suitability for studying the early stages of steatosis before the presentation of morphologi-
cal alterations.

Focusing on general hepatotoxicity, a series of untargeted metabolomics studies in-
vestigated the impact of hepatotoxic and non-hepatotoxic substances on HepG2 cells. A
first work revealed significant metabolic changes triggered by toxic insults and facilitated
the construction of a discriminant model capable of distinguishing between non-toxic and
hepatotoxic compounds [185]. Furthermore, distinct metabolite alterations could be related
to oxidative stress, steatosis, and phospholipidosis, unravelling changes in underlying
biochemical pathways [186]. A third study was focused on discerning potentially hepa-
totoxic drugs, quantifying associated alterations and unravelling the underlying toxicity
mechanisms, including steatosis [187]. They trained their models with 25 hepatotoxic and
4 non-hepatotoxic compounds to predict toxicity mechanisms. They then tested 87 chemi-
cals to create a “toxicity index” and identified unique pathways associated with steatosis,
including the nicotinate and nicotinamide pathways. Correlation between NAD decrease,
a key feature of this pathway, and the onset of steatosis was also highlighted.

2.4.5. Multiomics

Multiomics refers to integrating various omics datasets to comprehensively analyse
biological systems [188]. In toxicology, analysing single-type data is deemed insufficient, as
this provides only a partial view of the biological system [117,188]. Hence, the integration of
multiomics data at a higher organizational level is encouraged to enhance a comprehensive
mechanistic understanding of toxicological responses in the context of an interconnected
network that leads to determined phenotypic characteristics [117,179,189,190].

Recent advancements in computational models enable the integrative analysis of multi-
omics datasets for a more holistic approach in biological research. Integrative analysis
employs three main methods to analyse diverse data types: concatenation-based integration,
transformation-based integration, and model-based integration [117,188,191,192], which
are summarized in Table 4.

Table 4. Characteristics of different omics data integration strategies.

Integration Strategy Description Processing Main Drawback

Concatenation-based
Combines different datasets

into a large matrix, increasing
variables but not samples.

Applies feature selection or
dimensionality reduction.

Makes the data matrix
complex and noisy.

Transformation-based
Transforms each dataset into a

less dimensional and noisy
graph or kernel matrix.

Transformation into graph,
kernel matrix, or deep
learning architectures.

Can lead to information loss
and distorted data.

Model-based
Applies separate ML models
to each dataset and combines

predictions.

Supervised: Bagging or voting
to combine models.

Unsupervised: Aggregates
clustering results based on

optimization criteria.

Prevents learning features
shared across different omics
data, limiting understanding
of underlying mechanisms.

Multiomics data are complex and heterogeneous, making it difficult to analyse using
ML approaches [191,193]. ML models require larger sample sizes for a correct fitting and
can suffer from overfitting challenges if dimensionality problems arise from having too
many omics variables associated with insufficient samples [117,188,191].

Another challenge is missing data, which can be omics-wise or sample-wise [117,188,191].
Omics-wise missing values occur when some samples have data for only certain omics,
while sample-wise missing values can occur randomly or due to technical and experimental
limitations [188,191]. To deal with this, the datasets must be harmonized, and missing values
can be imputed; however, this can introduce bias [117,188].
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Beyond the technical challenges of integrating diverse omics samples, which leads to the
discussion on how distinct omics layers should be assessed at different temporal points [194],
temporal data pose challenges for ML algorithms, which assume static inputs [117]. Address-
ing these issues is crucial for accurately interpreting time-dependent changes in omics data
and optimizing the application of ML algorithms in dynamic contexts.

Some studies have performed experiments on multiple omics in the context of steatosis.
For example, Ruepp and colleagues performed transcriptomic and proteomic analyses of
acetaminophen toxicity in mouse liver [195]. The study revealed acute induction of GM-CSF
mRNA (GM-CSF is a granulocyte-specific gene) from Kupffer cells and decreased mitochon-
drial chaperone proteins (Hsp10 and Hsp60) before observable morphological changes.

Other multiomics studies, particularly dual-omics studies, take a more comprehensive
approach by conducting integrative analyses, delving into pathway analysis to uncover
mechanistic insights associated with a steatotic response.

In 2018, van Breda and colleagues conducted an in-depth exploration of the impact
of repetitive valproic acid treatment on primary human hepatocytes, aiming to elucidate
the mechanisms leading to steatosis [196]. Employing microarrays and integrated data
analysis, the team analysed whole-genome gene expression, DNA methylation, and miRNA
changes in primary human hepatocytes exposed to a non-cytotoxic dose of the drug for
five consecutive days, with a subsequent 3-day untreated period to assess the persistence
of omics changes. The study identified significant alterations in pathways related to FA
metabolism, cell signalling, bile acid metabolism, nuclear receptor pathways, and bio-
transformation. Integrative data analyses, including a washout period, revealed persistent
changes, particularly on the epigenome level. Surprisingly, valproic acid treatment in-
hibited key transcription factors (HNF1A and ONECUT1), disrupting FA and glucose
metabolism. The study also uncovered novel genes and networks associated with exposure
to this compound and steatosis in a human liver model, shedding light on the molecular
mechanisms involved. Notably, the research highlighted the substantial role of valproic
acid-induced epigenetic changes, particularly in nuclear receptors such as PPARα, PPARγ,
AHR, and CD36, providing new insights into the intricate molecular pathways underlying
-steatosis induced by this drug.

The same workgroup published a second multiomics investigation to understand
the intricate molecular events associated with mitochondrial dysfunction induced by
the same compound in primary human hepatocytes [197]. They employed epigenomic,
transcriptomic, and proteomic data to evaluate the cellular response over time. This study
was focused on elucidating alterations in pathways related to mitochondrial function,
particularly mitochondrial complex I and III–V genes, citric acid cycle, and β-oxidation.
Employing time-resolved supervised data integration, the team utilized a network-based
approach to reveal dynamic gene interactions during valproic acid treatment. Surprisingly,
the study proposed a novel mitochondria–nucleus signalling axis (MT-CO2–FN1–MYC–
CPT1) and challenged the conventional notion that oxidative stress solely triggers the
mitochondria–nucleus signalling pathway. The results unveiled transient methylation
changes in mitochondrial DNA and highlighted MYC and FN1 as pivotal players in the
persistent mitochondrial dysfunction caused by this compound. They also emphasized the
importance of temporal resolution in unravelling complex biological responses.

2.4.6. Omics Strengths and Limitations

Omics technologies, including transcriptomics, proteomics, genomics, and metabolomics,
each bring unique strengths and limitations to the development of AOPs. Careful con-
sideration of the research question and the desired depth of understanding is crucial for
selecting the most appropriate omics technology in AOP development. Figure 6 shows
a visual representation of the strengths and limitations of omics technologies based on
their characteristics.
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With its high-throughput sequencing techniques, genomics allows cost-efficient se-
quencing of complete genomes and simultaneous gene expression analysis. However,
biological effects from exposure to a toxicant cannot be evaluated solely based on genomic
analysis due to post-transcriptional, post-translational, and epigenetic changes [178].

Transcriptomics provides the most comprehensive platform, allowing for the measure-
ment of individual gene expression, isoforms, and post-transcriptional modifications of the
complete genome. While this technology provides abundant data, it faces challenges in the
robustness of signals and processing of high-dimensional and noisy data [8,124,133].

Proteomics is a technique that analyses thousands of proteins simultaneously, linking
proteomic profiles to phenotypes. It is distinct for its focus on post-translational modifica-
tions, which are crucial for understanding protein functions and signalling pathways [175].
This focus enhances the precision of pathway analyses and is key for studying protein
networks and making quantitative comparisons across biological states [120,198,199]. De-
spite its advantages, proteomics faces challenges such as being labour-intensive, having
a limited dynamic range—which complicates detecting less abundant proteins—and re-
quiring expensive equipment [153,155,199]. Additionally, the proteome’s complexity and
instability, along with limited reproducibility, present significant obstacles [178].

Metabolomics is centred on examining the outcome of biological activities, providing
a deeper understanding of the biochemical foundations of different phenotypes. It offers
advantages such as cost-effectiveness, the simultaneous analysis of a large set of metabolites,
and the non-invasive analysis of biofluids. Moreover, shared metabolic pathways and
universal metabolite structures enable the translation of metabolic analyses between animal
models and humans. However, they also have drawbacks, such as the need for analytical
experts and specialized computational skills and the difficulty of extracting and analyzing
metabolites with a single analytical platform. Additionally, sample collection, preparation,
and analysis can limit metabolite detection in metabolomics research, underscoring the
need for careful consideration when employing metabolomics [153,178,180,181,200].

Common challenges within omics technologies collectively impact their robustness
and applicability in toxicology studies. Until very recently, the field has faced challenges
such as a lack of standardization and regulations for data management, analysis, and
interpretation, leading to variability between measurement platforms and bioinformatics
pipelines [8,116,201]. Furthermore, omics technologies have intrinsic technical limitations.
The data generated typically provide relative concentrations rather than absolute values,
introducing uncertainties related to background noise, sample quality, and variability
between MS runs and hindering reproducibility [155,201].
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The choice of bioinformatics methods influences the outcomes, making data interpre-
tation pipeline-dependent and hindering cross-platform correlation [124]. Furthermore, in
certain instances, the annotation of biomolecule functions is constrained, complicating the
interpretation of their contributions to the progression of an AO [9].

Despite the challenges, omics data analysis offers a comprehensive insight into an
organism’s biology, generating vast amounts of biological data across different complexity
levels. This wealth of information becomes a valuable resource within the AOP framework,
capable of contributing to virtually all information blocks in AOPs. Recognized for its
role as a valuable source of mechanistic information, omics data play a crucial role in
unravelling the intricate molecular details that underlie biological responses [8,121,124].

It is important to understand that pre-existing omics datasets cannot be used as
predictive computational models. However, the information in these datasets can be
utilized to conclude specific omics experiments, and these findings can be applied to novel
compounds that belong to the same chemical space. The criteria for evaluating the AD
used for read-across and predictive in silico techniques, such as SAR and QSAR, which can
be applied to determine whether new compounds belong to the same chemical space.

2.5. Structure-Based Approaches

Structure-based approaches are computational techniques that utilize the three-
dimensional structures of molecules to study their interactions. In toxicology, these meth-
ods can be used to understand the interaction between toxicants and biological systems.
Their applications include predicting toxicity outcomes, studying the mechanisms of ac-
tion of toxicants, screening potential toxins, and facilitating the design of chemicals with
enhanced safety profiles. Structure-based molecular modelling techniques primarily encom-
pass molecular docking and molecular dynamics (MD) simulations [65]. These methods
allow for the detailed analysis of molecular interactions, binding affinities, and dynamic
behaviours of toxicants within biological targets, providing valuable insights into their
potential toxic effects.

Molecular docking is defined as the prediction of the conformation and orientation
of a ligand within the binding site of a target protein [202]. It is used to understand the
modulation of biochemical processes related to a ligand’s activity [203]. The docking
process involves the spatial and energy matching between ligand and receptor, allowing
the ranking of chemical databases according to complementarity to a given target [204,205].
This in silico method has gained popularity since the early 1980s and consists of two steps:
considering the ligand’s conformational state and evaluating its interactions with the target
using scoring functions [202–204]. Figure 7 illustrates the result of docking a ligand to the
LXRβ and shows the specific interactions.

Molecular docking is used in drug discovery for hit identification and optimization,
drug repurposing, and multitarget ligand design [66]. Elucidating the interactions between
ligands and molecular targets provides insights into disease mechanisms. Advances in
docking algorithms and the availability of 3D structures of potential targets, facilitated by
the evolution of techniques such as X-ray crystallography and cryo-electron microscopy,
have made large-scale screenings possible. These advancements allow for the identification
of protein binding sites, novel molecular targets of known ligands, and potential adverse
drug reactions [202,204].

The docking process highly depends on the availability of a three-dimensional structure
of the target with sufficient resolution [65,202,204]. When such structures are unavailable, in
silico homology modelling is often used, which characterizes an unknown protein structure
using a related homologous protein whose experimental structure is known [204,206]. Re-
cently, thanks to AlphaFold, DeepMind’s artificial intelligence model [207], structures from
the AlphaFold Protein Structure Database can also be used for structure-based drug discovery.
However, there are limitations associated with this strategy, such as the absence of a ligand in
the structure and the incomplete model that is obtained due to the lack of water molecules,
metal ions, and co-factors [206].
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According to the “induced-fit” theory created by Koshland [208], both proteins and
ligands are inherently flexible and are reshaped by their interactions. Different strategies
are used for docking purposes regarding flexibility, going from exclusively rigid docking
to semi-flexible and flexible docking. Rigid docking is the fastest but less precise, while
flexible docking is the most accurate but computationally expensive. Semi-flexible docking
is popular when computer resources are limited [203,205].

On the other hand, for simplicity and faster calculations, the participation of water
molecules in protein–ligand interactions is often ignored [202]. Furthermore, when docking
is applied alone, the kinetics of possible ligands are not considered [209]. This kind of
approximation in the scoring functions is one of the sources of a potential lack of correlation
with the experimentally obtained binding affinities [204].

Multiple molecular docking and molecular dynamics tools are available, utilizing
distinct algorithms and serving different purposes [65]. Table 5 presents a compilation of
several of these programs.

Table 5. Molecular docking and molecular dynamics most used tools. All links were accessed on 20
September 2024.

Technique Tool Website Reference

Molecular
Docking

AutoDock https://autodock.scripps.edu/ [210]
CSAlign-Dock https://galaxy.seoklab.org/cgi-bin/submit.cgi?type=CSALIGN [211]

DOCK https://dock.compbio.ucsf.edu/ [212]
DockingServer https://www.dockingserver.com/web [213]

GalaxyDock https://galaxy.seoklab.org/cgi-bin/submit.cgi?type=DOCK [214]
Gold https://www.ccdc.cam.ac.uk/solutions/software/gold/ [215]
Glide https://newsite.schrodinger.com/platform/products/glide/ [216]

HADDOCK https://wenmr.science.uu.nl/ [217]
Medusa Dock https://dokhlab.med.psu.edu/cpi/#/MedusaDock [218]

PyDock https://life.bsc.es/pid/pydock/ [219]
Rosetta https://www.rosettacommons.org/software [220]

SwissDock http://www.swissdock.ch/ [221]

Molecular
Dynamics

GROMACS https://www.gromacs.org/ [222]
AMBER https://ambermd.org/ [223]
NAMD http://www.ks.uiuc.edu/Research/namd/ [224]

CHARMM https://www.charmm.org/ [225]
Desmond https://www.schrodinger.com/platform/products/desmond/ [226]
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Moreover, beyond the traditional docking approach, scientists leverage other cutting-
edge techniques, such as MD. This computer-based methodology emulates the natural
movements of atoms and molecules within chemical and biological systems. Using MD
simulations, researchers can delve into how chemicals interact with biological systems,
such as proteins and cell membranes [227,228]. This, in turn, can offer valuable insights
into molecular mechanisms and enable the development of safer chemicals. Given their
versatility, MD simulations are extensively employed in computational studies.

A variety of MD simulation software has been developed over time. The most well-
known software packages are listed in Table 5. Some MD simulation packages come with
their own force fields, while others require external force fields as input for the simulation
algorithms [227].

MD simulations can be used to gain insights into the quality of homology-modelled
protein structures, investigate the structural or conformational changes of proteins, un-
derstand important interactions between a protein and small molecules, and estimate
protein–protein and protein–ligand binding affinity [227]. Utilizing MD simulations for
virtual screening proves to be a daunting task, primarily due to their high computational
demands and extensive time requirements [228], surpassing those of molecular docking.

Docking and other structural approaches are the most useful when the study’s ob-
jective is the detection of substrates or inhibitors of determined proteins. Therefore, they
can be used to predict changes in the MIEs. Molecular modelling approaches have been
employed to study different proteins marked as MIEs in the steatosis AOP network.

For example, LXR was characterized using different molecular modelling approaches
and a QSAR model to predict potential binders [79]. The objective of this study was to
characterize LXR’s ligand binding domain by defining the essential features leading to
binding. For this, the researchers used ensemble docking, which consists of docking a
ligand into an ensemble of protein structures corresponding to the same protein. The
algorithm automatically selects the ligand–protein pair with the best docking score. In
addition, they integrated this approach with identifying key features from a potent binder
compound and calculating fingerprints for chemical similarity assessment, comparing with
two reference ligands as templates.

Researchers employed a multifaceted approach to explore hepatic steatosis induced by
novel replacement flame retardants [229]. In addition to conducting a series of in vitro and
omics assays to delineate KEs within the steatosis AOP, they performed molecular docking
studies on PXR and PPARγ. The selection of PXR and PPARγ as focal points stemmed
from examining the ToxCast database, revealing that most of the novel replacement flame
retardants exhibited activity specifically on these two receptors.

Several studies have investigated the mode of action of different compounds as
ligands of PPARγ in relation to liver steatosis. In 2014, Tsakovska and colleagues used
molecular modelling techniques to analyse PPARγ complexes with full agonists [230]. They
characterized the receptor binding pocket and the specific ligand–receptor interactions of
the most active ligands. They determined the key residues with which agonists interact
and pointed out that the binding pocket presents certain flexibility depending on the
bound ligand. Additionally, they developed a model that collected the three-dimensional
arrangement of chemical features essential for the interaction with PPARγ from these
ligands. In a second study, the same team performed a virtual screening based on docking
filtering to screen for PPARγ full agonists [78]. When validating their virtual screening
protocol, they obtained an 85% sensitivity, indicating the protocol’s ability to correctly
identify PPARγ full agonists. They also achieved a 77% specificity, demonstrating the
protocol’s effectiveness in correctly identifying PPARγ decoys (compounds that mimic
binder’s properties but differ topologically to reduce the chance of binding).

Still focusing on the same MIE, several studies have investigated the effect of concrete
groups of compounds on that receptor. Alemán-González-Duhart and colleagues worked
on developing thiazolidinediones derivatives that are effective in treating diabetes by
activating PPARγ but would reduce the tendency to cause hepatic steatosis [231]. They
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screened 130 derivatives and analysed how the differences in their structures changed
the interaction with the ligand binding domain of PPARγ. Another study centred on
the hepatotoxic effect of bisphenol S used docking to determine the interactions of this
compound with PPARγ [232]. They detected interactions with four key residues in the
ligand binding domain. The authors concluded that PPARγ is a potential target of bisphenol
S, which would explain the steatogenic effect of this compound.

On the other hand, a recent publication used molecular docking in combination with
QSAR models to predict mitochondrial dysfunction, which, as mentioned, is considered
a KE for steatosis. In this case, the enzyme succinate–cytochrome c reductase activity
was taken as a single molecular activity related to mitochondrial dysfunction [233]. This
unusual approach can be taken to broaden the applicability field of molecular docking
to generate predicted data that could fill knowledge gaps in an AOP network. Another
study combined screening with structure-based pharmacophore models with ML models
to identify mitochondrial toxicants [234].

An example of automatization of structure-based techniques is the online tool called
Endocrine Disruptome (http://endocrinedisruptome.ki.si, accessed on 20 September 2024)
that encompasses an array of 14 nuclear receptors, seven of which have been identified
as MIEs of the steatosis AOP: ERα, ERβ, GR, LXRα, LXRβ, PPARα, and PPARγ. It is a
docking server that utilizes AutoDock Vina for automated molecular docking to validated
crystal structures of these nuclear receptors [235].

3. Regulatory Acceptance

In the context of risk assessment, several attempts have generated regulatory guide-
lines to standardize these computational approaches. Organizations like the OECD and
the ECHA have worked to generate several documents that delineate principles ensuring
the transparency, consistency, and acceptability of results derived from various in silico
approaches.

Over the past two decades, legislative measures such as the Registration, Evaluation,
Authorization, and Restriction of Chemicals (REACH) regulation have embraced compu-
tational approaches like SAR, QSAR, and read-across as valid tools for risk assessment.
Under this regulation, manufacturers are obligated to provide detailed information on the
chemicals they manufacture, market, or import [77,236–239].

Comprehensive guidance documents on read-across have been published by the
ECHA [100] and the OECD [101]. These documents outline general considerations for
conducting read-across [100,101], including the following:

• Evaluating the relevance and reliability of data from source chemicals.
• Ensuring that the data align with current OECD test methods.
• Assessing the impact of multifunctional compounds on read-across reliability.
• Analysing the purity and impurity profiles of both target and source chemicals to

identify impurities that may influence overall toxicity.
• Comparing physicochemical properties such as molecular weight and water solubility

to gauge similarity.
• Understanding likely toxicokinetics and metabolic pathways.
• Using QSARs for decision making on additional testing.

In their 2008 guidelines, the ECHA establishes the RAAF under the REACH regula-
tion [100]. Furthermore, the use of NAMs has been explored to support read-across in a
consecutive report that gathered several cases of framework application [3].

On the other hand, the OECD has outlined general rules for assessing the suitability
of SAR and QSAR models for regulatory purposes. The agreed OECD principles for SAR
and QSAR models determine that, to be considered for regulatory purposes, a model
should include the following information: a defined endpoint; an unambiguous algorithm;
a defined domain of applicability; appropriate measures of goodness-of-fit, robustness and
predictivity; and a mechanistic interpretation, if possible [239]. Since 2004, the OECD has

http://endocrinedisruptome.ki.si
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published a complete guideline document for validating SAR and QSAR models used for
regulatory purposes, where specific steps and requirements are stated [76,239].

The OECD recently developed a guidance document called the OECD Omics Report-
ing Framework (OORF) to report omics data for regulatory purposes [240]. The framework
aims to promote data sharing, increase transparency in data processing, enable the assess-
ment of study quality, and encourage reproducibility for omics toxicology experiments. The
OORF resulted from previous efforts to standardize omics technologies in the regulatory
field, such as the Transcriptomics Reporting Framework, which was proposed in 2017.
The Transcriptomics Reporting Framework provided a detailed list of items that should
be reported in a transcriptomics experiment, including experimental design, platforms,
and data transformations [124,164]. The new OORF is focused on transcriptomics and
metabolomics, leaving work on proteomics for the future. They harmonized modules for
the reporting of the study summary and the toxicology experiment, as well as different
data analysis methods, and they developed separate reporting modules for data acquisition
and processing in transcriptomics assays (microarrays, RNA-Seq or Targeted RNA-Seq,
and qPCR arrays) and metabolomics assays (MS and NMR) [240]. The regulation and stan-
dardization of omics data can ultimately lead to a more straightforward implementation of
analysis workflows to extract any relevant mechanistic information.

In the case of structure-based approaches, although they are widely used for drug
discovery purposes and can also be applied in the field of toxicology [78,227,241,242],
there have been no efforts thus far to develop regulatory frameworks in the context of risk
assessment.

The increasing interest of regulatory agencies in incorporating NAMs, particularly
computer-based methodologies, into new-generation risk assessment strategies is expected
to drive the establishment of novel regulatory frameworks. These frameworks will stan-
dardize the workflows of in silico methodologies, ensuring their reliability for integration
into regulatory risk assessment processes.

4. Integration of the In Silico Methodologies to Fill Knowledge Gaps in the AOP

During this review, we have examined various computational methods that have been
utilized to provide evidence for the activation of different points in the AOP for hepatic
steatosis by chemicals. Figure 8 offers a visual representation of AOP points covered by the
examples gathered in this review. Our findings are promising, as we could find evidence for
many points contemplated in the AOP. We are pleased to report that the majority of MIEs have
been covered with SAR, and many have specific QSAR models. We also identified structure-
based studies exploring binding to ER, GR, LXR, PPARs, and PXR. We also encountered
several examples of SAR, QSAR, read-across, and omics approaches that tackle steatosis as a
whole endpoint. However, we observed that only a few KEs identified in the AOP have been
addressed in the reviewed examples.

When searching for evidence for each point, we prioritized the key events KEs that are
not unique to one of the references AOPs. For this reason, although we are aware of numerous
QSAR models for predicting activation and inhibition of CYP450 isoforms [243,244], we did
not consider them for this review.

We have found more evidence for the KE of mitochondrial disruption, along with mi-
tochondrial β-oxidation inhibition and dysfunction. This endpoint has not been exclusively
studied in the context of hepatic steatosis, as it is an essential indicator of different types of
toxicity resulting from exposure to drugs.

In our analysis of existing literature, we utilized the combined AOP as a framework to
identify instances of computational approaches employed for predicting specific endpoints.
However, it came to our attention that several KEs within the AOP were not addressed in
the studies examined. While the upregulation of several genes such as ChREBP, SREBP-1c,
FAS, and SCD1 is highlighted in the AOP and has been extensively characterized, we did
not discover any examples in our analysis demonstrating a clear association between the
upregulation of these genes and drug exposure. We believe further exploration of omics
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studies in this area would yield valuable insights into the mechanisms underlying the
alteration of these genes. However, this was beyond the scope of our review, which aimed
to provide a comprehensive overview of the applicability of computational approaches in
addressing data gaps in an AOP.
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Moreover, we observed that the elevation in FA influx was marked as a KE. However,
we could not identify any computational study that examined the effect of exposure to
compounds that directly impact FA influx. While several studies explored changes in
lipid metabolism, we do not consider FA influx synonymous with FA metabolism per se.
Therefore, we conclude that these studies did not address changes in the transportation
of FA.

We have observed that while many changes at the cellular level can be identified
through in vitro studies (such as cytoplasm displacement or nucleus distortion) these
KEs are less commonly used for computational research than mitochondrial disruption.
These changes occur because of the accumulation of lipid droplets in the cytoplasm, which
displace organelles and compress the nucleus. However, measuring lipid accumulation
seems to be the most convenient way to evaluate changes in cell phenotype, and this
information has been used as an endpoint for some computational studies to predict
cellular changes associated with steatosis.

The question arises of whether new computational models are necessary to predict the
specific KEs not covered by currently available models. Firstly, we must consider whether
enough data are available for those specific endpoints to build a model. Additionally, we
should assess whether having specific computational models for those endpoints provides
valuable information. We aim to use all sources of evidence to obtain a more accurate
prediction of the steatotic AO. Perhaps focusing our efforts on improving the prediction of
the activation of a few KEs and having more specific models for groups of chemicals could
be a more practical approach.

On the other hand, we have found some significant changes at the molecular and
cellular levels that are not covered in the AOP. For instance, Ivanov and colleagues’ SAR
study identified some proteins associated with lipid disorders, but only AHR is mentioned
in the steatosis AOP [53]. However, some other proteins they identified, such as the
Niemann–Pick C1 protein, crucial in transporting cholesterol and other lipids within cells,
are not included. Additionally, other listed proteins have roles in metabolic processes,
such as the 1-acylglycerol-3-phosphate O-acyltransferase β in CoA production, fructose-1,6-
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bisphosphatase in gluconeogenesis, and glucagon-like peptide 1 receptor in the regulation
of insulin.

In this review, we have covered multiple omics approaches that offer significant insight
into pathways that may not be represented in the AOP network we worked with. For
instance, the genes upregulated by exposure to rifampicin in Moreau’s transcriptomics
study were absent in the AOP [166]. The proteomics studies we gathered in this work
identified several potential biomarkers of oxidative stress that are not currently included
in the AOP and could help in the precise characterization of molecular-level alterations.
Among the metabolomics studies we reviewed, only Martínez-Sena’s study identified NAD
depletion [187]. In contrast, the others identified alterations of other relevant metabolites
related to lipid metabolism, such as diacylglycerol and carnitine, which are not reflected
in the AOP. These examples illustrate the importance of omics approaches in developing
AOPs, particularly in identifying biomarkers that could play a key role as MIE or KE
for a specific AO and in aiding in connecting the points in the AOP through integrating
molecular pathways.

However, some of the assays used to generate data for in silico modelling discussed
in this review present a significant challenge: extrapolating in vivo toxicity from in vitro
data. On one side, there is a lack of cellular models to cover all the MIEs and KEs critical
for triggering a specific AO. On the other side, in vitro models do not reflect the complexity
of complex physiological systems, such as the input from other signalling pathways driven
by hormones or cytokines that may influence the outcome. This is especially important if
toxicity is caused by metabolites, as some in vitro assays ignore metabolic activation. In the
context of the analysis of omics data, there is an additional limitation, as the transcriptome,
proteome and metabolome shift in the majority of cells under certain culture conditions,
which is evident when different batches are compared [245,246]. Thus, the transparency of
protocols and the rigorous and robust reproducibility analysis are essential to understand
the limitations and interpret the conclusions.

Building upon the insights gained from the reviewed examples, structure-based ap-
proaches, especially molecular docking, provide a comprehensive understanding of protein
targets that require precise interaction modes for ligand activation or inhibition. However,
in the case of protein targets with promiscuous binding pockets, such as PPARα, more
complex methodologies may be necessary to determine interaction specificity. This can
include analysing protein–ligand interactions in-depth or performing molecular dynamics
simulations. Regardless of the complexity, structure-based techniques can be combined
with other in silico methodologies to accurately predict protein activation or inhibition
for MIEs.

Based on the information we have gathered, it is apparent that several in silico method-
ologies, such as SAR, QSAR, read-across, and structure-based approaches, can be used
to generate predictions of how novel compounds act on different endpoints in the AOP
network. It is important to note that the knowledge generated from omics techniques can be
used to develop in silico models to predict the activity of new compounds on those specific
endpoints and extrapolate conclusions on novel compounds using read-across approaches.
However, linking simplistic in silico models with complex regulatory-relevant in vivo
health outcomes remains a major challenge [2]. When multiple sources of evidence are inte-
grated, they must be assessed for their reliability, relevance, and consistency. The weight of
evidence assigned to each source should be determined based on these factors. After that,
the sources of evidence should be organized and filtered accordingly [99,247,248].

When multiple lines of evidence are available for a single endpoint in an AOP, such as
the inhibition of PPARα, it is essential to assess the biological significance of the available
predictive models [247]. This evaluation should also consider the biological AD of the
MIE within the AOP, including its relevance to taxonomic, age, and sex factors [249].
Additionally, we should assess whether the results obtained for the same chemical using
different available models are compatible, thereby assigning a consistency evaluation to
the predictions [247]. Finally, we should also evaluate the AD, accuracy and precision of
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individual computational models used to make predictions for the specific MIE to assess
the reliability of predictions made for new chemicals [247,248].

When we encounter inconsistent results for a particular substance using various
prediction techniques, we must carefully evaluate all the evidence by examining the specific
criteria used to classify the effect [248]. However, establishing a hierarchy of prioritization
of techniques can be challenging. Some authors believe that performing a read-across to
extrapolate predictions from experimental values of similar compounds can yield more
reliable results than those obtained from QSAR models [248]. Nonetheless, the conflicting
concept of similarity evaluation discussed in the read-across section can make the criteria
for extrapolation unclear, especially when data is scarce.

Conversely, some frameworks have been developed to establish a hierarchy of predic-
tions based on reliability, such as the International Council for Harmonisation of Technical
Requirements for Pharmaceuticals for Human Use (ICH) M7 guideline for mutagenic-
ity [250,251]. In these cases, even when different predictions come from the same technique,
the final decision is made by experts. Therefore, the best strategy to follow remains an
ongoing discussion.

Nonetheless, using computational models presents itself as a promising approach to
predict the AO more accurately. By employing this strategy, we can obtain a complete
matrix of data that incorporates all the biological knowledge present in the AOP. This
approach may be considered more favourable than experimental data, which necessitate
the conduction of in vitro or in vivo assays, as well as the associated time and economic
costs and ethical implications in the case of in vivo assays.

5. Conclusions

In this comprehensive review, we have compiled the characteristics and potential appli-
cations of various computational methodologies, including SAR, QSAR, read-across, omics
data analysis, and structure-based approaches, in addressing data gaps within an AOP
framework or constructing new AOPs. Utilizing a combination of four established AOP
networks for drug-induced hepatic steatosis as our focal point, we have critically analysed
existing studies, elucidating the strengths and limitations of each explored technique.

The case study on hepatic steatosis demonstrates the versatility of computational
techniques in generating a more complete and interconnected data matrix. Our analysis
reveals that computational models can effectively complement AOPs by filling critical
data gaps and identifying new KEs. The examples gathered in this paper highlight the
transformative impact of in silico techniques in toxicology, providing a blueprint for inte-
grating these strategies into new-generation risk assessment methodologies. By leveraging
the strengths of computational tools, we can achieve more efficient, cost-effective, and
predictive toxicological assessments, ultimately enhancing our ability to safeguard public
health and the environment.

There is a growing acceptance by regulatory agencies like OECD and ECHA of these
computational methodologies, which underscores their practical applicability in toxico-
logical risk assessments. However, full implementation into regulatory decision making
remains a challenge, requiring standardized workflows and consistent validation protocols
for computational models. Regulatory guidelines like the OECD principles for QSAR
model validation provide a strong foundation but need further refinement to accommo-
date emerging methods. To achieve that, continuous collaboration between regulatory
bodies, industry, and academic research is essential. In conclusion, while hepatic steatosis
serves as a pertinent case study, the principles and guidelines proposed in this review are
broadly applicable to other types of chemical-induced toxicity. The continued development
and integration of computational approaches within the AOP framework is necessary to
address existing data deficiencies and to support the establishment of novel AOPs. This
integrated approach holds great promise for the future of toxicological risk assessment,
providing a more mechanistically driven and evidence-based foundation for regulatory
decision making.
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238. Limban, C.; Nuţă, D.C.; Chiriţă, C.; Negres, , S.; Arsene, A.L.; Goumenou, M.; Karakitsios, S.P.; Tsatsakis, A.M.; Sarigiannis, D.A.

The use of structural alerts to avoid the toxicity of pharmaceuticals. Toxicol. Rep. 2018, 5, 943–953. [CrossRef]
239. OECD. Guidance Document on the Validation of (Quantitative) Structure-Activity Relationship [(Q)SAR] Models; OECD Publishing:

Paris, France, 2014.
240. OECD. OECD Omics Reporting Framework (OORF): Guidance on Reporting Elements for the Regulatory Use of Omics Data from

Laboratory-Based Toxicology Studies. 2023. Available online: https://doi.org/10.1787/6bb2e6ce-e (accessed on 14 January 2024).
241. Ankley, G.T.; Cureton, P.; Hoke, R.A.; Houde, M.; Kumar, A.; Kurias, J.; Lanno, R.; McCarthy, C.; Newsted, J.; Salice, C.J.; et al.

Assessing the Ecological Risks of Per- and Polyfluoroalkyl Substances: Current State-of-the Science and a Proposed Path Forward.
Environ. Toxicol. Chem. 2021, 40, 564–605. [CrossRef]

242. Cavaliere, F.; Lorenzetti, S.; Cozzini, P. Molecular modelling methods in food safety: Bisphenols as case study. Food Chem. Toxicol.
2020, 137, 111116. [CrossRef]

243. Holmer, M.; de Bruyn Kops, C.; Stork, C.; Kirchmair, J. CYPstrate: A Set of Machine Learning Models for the Accurate
Classification of Cytochrome P450 Enzyme Substrates and Non-Substrates. Molecules 2021, 26, 4678. [CrossRef]

244. Plonka, W.; Stork, C.; Šícho, M.; Kirchmair, J. CYPlebrity: Machine learning models for the prediction of inhibitors of cytochrome
P450 enzymes. Bioorg. Med. Chem. 2021, 46, 116388. [CrossRef]

245. Novoradovskaya, N.; Whitfield, M.L.; Basehore, L.S.; Novoradovsky, A.; Pesich, R.; Usary, J.; Karaca, M.; Wong, W.K.; Aprelikova,
O.; Fero, M.; et al. Universal reference RNA as a standard for microarray experiments. BMC Genom. 2004, 5, 1–13. [CrossRef]

https://doi.org/10.1021/acs.jcim.8b00905
https://doi.org/10.1093/bioinformatics/btt262
https://doi.org/10.1093/nar/gkn216
https://doi.org/10.1093/nar/gkr366
https://doi.org/10.1002/jcc.20291
https://doi.org/10.1002/jcc.20290
https://doi.org/10.1002/jcc.20289
https://doi.org/10.1002/jcc.21287
https://doi.org/10.1007/978-3-030-16443-0_10
https://doi.org/10.1016/j.fct.2017.08.028
https://doi.org/10.1016/j.envpol.2021.117855
https://doi.org/10.3390/ijms15057651
https://doi.org/10.1016/j.yrtph.2017.02.008
https://doi.org/10.1177/07482337231166490
https://doi.org/10.1016/j.tox.2022.153412
https://doi.org/10.1016/j.comtox.2020.100123
https://doi.org/10.1021/ci400649p
https://doi.org/10.1016/j.impact.2017.07.002
https://doi.org/10.1080/10629360701303727
https://doi.org/10.1016/j.toxrep.2018.08.017
https://doi.org/10.1787/6bb2e6ce-e
https://doi.org/10.1002/etc.4869
https://doi.org/10.1016/j.fct.2020.111116
https://doi.org/10.3390/molecules26154678
https://doi.org/10.1016/j.bmc.2021.116388
https://doi.org/10.1186/1471-2164-5-20


Int. J. Mol. Sci. 2024, 25, 11154 40 of 40

246. Lu, S.; Lu, H.; Zheng, T.; Yuan, H.; Du, H.; Gao, Y.; Liu, Y.; Pan, X.; Zhang, W.; Fu, S.; et al. A multi-omics dataset of human
transcriptome and proteome stable reference. Sci. Data 2023, 10, 1–12. [CrossRef]

247. Hardy, A.; Benford, D.; Halldorsson, T.; Jeger, M.J.; Knutsen, H.K.; More, S.; Naegeli, H.; Noteborn, H.; Ockleford, C.; Ricci, A.;
et al. Guidance on the use of the weight of evidence approach in scientific assessments. EFSA J. 2017, 15, 4971. [CrossRef]

248. Benfenati, E.; Chaudhry, Q.; Gini, G.; Dorne, J.L. Integrating in silico models and read-across methods for predicting toxicity of
chemicals: A step-wise strategy. Environ. Int. 2019, 131, 105060. [CrossRef]

249. OECD. Users’ Handbook Supplement to the Guidance Document for Developing and Assessing Adverse Outcome Pathways.
2018. Available online: https://doi.org/10.1787/5jlv1m9d1g32-en (accessed on 14 January 2024).

250. Ahlberg, E.; Amberg, A.; Beilke, L.D.; Bower, D.; Cross, K.P.; Custer, L.; Ford, K.A.; Van Gompel, J.; Harvey, J.; Honma, M.;
et al. Extending (Q)SARs to incorporate proprietary knowledge for regulatory purposes: A case study using aromatic amine
mutagenicity. Regul. Toxicol. Pharmacol. 2016, 77, 1–12. [CrossRef]

251. Barber, C.; Antonucci, V.; Baumann, J.-C.; Brown, R.; Covey-Crump, E.; Elder, D.; Elliott, E.; Fennell, J.W.; Gallou, F.; Ide, N.D.; et al.
A consortium-driven framework to guide the implementation of ICH M7 Option 4 control strategies. Regul. Toxicol. Pharmacol.
2017, 90, 22–28. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1038/s41597-023-02359-w
https://doi.org/10.2903/j.efsa.2017.4971
https://doi.org/10.1016/j.envint.2019.105060
https://doi.org/10.1787/5jlv1m9d1g32-en
https://doi.org/10.1016/j.yrtph.2016.02.003
https://doi.org/10.1016/j.yrtph.2017.08.008

	Introduction 
	Computational Methods 
	Automatized SAR 
	QSAR 
	Read-Across 
	Omics 
	Genomics 
	Transcriptomics 
	Proteomics 
	Metabolomics 
	Multiomics 
	Omics Strengths and Limitations 

	Structure-Based Approaches 

	Regulatory Acceptance 
	Integration of the In Silico Methodologies to Fill Knowledge Gaps in the AOP 
	Conclusions 
	References

