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Abstract

The transition toward new approach methodologies for toxicity testing has accelerated the
development of computational models that utilize transcriptomic data to predict chemical-induced
adverse effects. Here, we applied supervised machine learning to gene expression data derived
from primary human hepatocytes and rat liver models (in vitro and in vivo) to predict drug-induced
hepatic steatosis. We evaluated five machine learning classifiers using microarray data from the
Open TG-GATEs database. Among these, support vector machine (SVM) consistently achieved
the highest performance, with area under the receiver operating characteristic curve (ROC-AUC)
0f 0.820 in primary human hepatocytes, 0.975 in the rat in vitro model, and 0.966 in the rat in vivo
model. To gain mechanistic insights, we functionally profiled the top-ranked predictive genes.
Enrichment analyses revealed strong associations with lipid metabolism, mitochondrial function,
insulin signalling, oxidative stress, all biological processes central to steatosis pathogenesis. Key
predictive genes such as CYPIA1l, PLIN2, and GCK mapped to lipid metabolism networks and
liver disease annotations, while others highlighted novel transcriptomics signals. Integration with
differentially expressed genes and known steatosis markers highlighted both overlapping and
distinct molecular features, suggesting that machine learning models capture biologically relevant
signals. These findings demonstrate the potential of machine learning models guided by

transcriptomic data to identify early molecular signatures of drug-induced hepatic steatosis. The
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support vector machine model’s strong predictive accuracy across species highlights its promise
as a scalable and interpretable tool for chemical risk assessment. As data limitations in human
toxicology persist, expanding high-quality transcriptomic resources will be critical to further

advance non-animal approaches in regulatory toxicology.

Keywords: Drug-induced hepatic steatosis (DIHS), steatogenic prediction, machine learning

(ML), Support Vector Machine (SVM)

Highlights

e Developed a ML framework for predicting DIHS using transcriptomic data from human
and rat liver models

e SVM classifier achieved the highest predictive performance across all datasets

e SVM-derived predictive genes revealed mechanistic insights, including known and novel
markers linked to lipid metabolism and liver disease

e Literature mining and enrichment analyses uncovered understudied genes potentially
involved in early stress responses and progressive liver pathology

e Study supports the integration of ML with toxicogenomics for human-relevant,

mechanism-based chemical safety assessment in line with new approach methodologies

1. Introduction

Advancing drug safety assessment is essential for reducing reliance on animal models for
toxicity evaluation and improving the predictive accuracy of adverse drug reactions in humans.
Among adverse drug reactions, drug-induced liver injury (DILI) remains a major clinical
challenge, with a high risk of progression to acute liver failure (ALF) (Hosack et al., 2023). DILI
is not only a major cause of ALF but also a primary driver of drug withdrawals from the market,
resulting in substantial financial losses for pharmaceutical companies (Dirven et al., 2021). A
notable manifestation of DILI is hepatic steatosis, commonly referred to as fatty liver disease.
Hepatic steatosis is characterized by the excessive accumulation of triglycerides within
hepatocytes, a process which can impair liver function and overall metabolic health (Idilman et al.,

2016). Drug-induced hepatic steatosis (DIHS) arises from adverse reactions to pharmacologically



diverse medications, such as amiodarone, valproic acid, dexamethasone, tamoxifen,
glucocorticoids, and other chemotherapeutic agents (Amacher & Chalasani, 2014). In some cases,
DIHS can progress to drug-induced steatohepatitis, an inflammatory DILI subtype marked by lipid
accumulation, hepatocyte degeneration, and significant liver damage (Cataldi et al., 2021).

Accurately identifying DIHS is complex due to the multifactorial nature of liver fat
accumulation and the overlapping etiologies of hepatic steatosis (Cataldi et al., 2021). This
challenge is exacerbated by the strong association between DIHS and the duration and dosage of
medication (Satapathy et al., 2015). The subtlety of early-stage steatosis, which often lacks overt
symptoms, complicates diagnosis even further. Although histological examination remains the
gold standard for diagnosis, it involves invasive procedures like liver biopsy, which may not
always be feasible or justifiable for every patient suspected of having DILI. While liver biopsies
are valuable for establishing the stage and severity of steatosis, they offer limited insight into the
underlying molecular mechanisms driving disease onset and progression. Additionally, individual
variations in genetic makeup and metabolism add another layer of difficulty in identification of
steatogenic drugs (Weiler et al., 2015). Notably, the Drug-Induced Liver Injury Network (DILIN)
estimates that approximately 27% of DILI cases involve some degree of steatosis (Kolaric et al.,
2021). This statistic underscores the clinical relevance of DIHS, and the need for improved tools
for detection and monitoring steatogenicity of chemical compounds.

Despite advancements 1n alternative testing strategies, chemical safety evaluations
continue to rely heavily on archaic in vivo animal toxicity assays, which remain the regulatory
gold standard for assessing systemic toxicity (Caloni et al., 2022; Schmeisser et al., 2023). These
evaluations involve measuring biological endpoints in animals exposed to the test compounds to
assess potential adverse effects, which in turn inform predictions of human outcomes (Browne et
al., 2024). However, animal-based toxicity assays are resource-intensive, ethically contentious,
and often fail to fully recapitulate human-specific toxicological responses (Atkins et al., 2020). As
a result, there is increasing momentum towards integrating toxicogenomics data with machine
learning (ML) to enhance predictive toxicology, enabling more human-relevant, high-throughput
chemical safety assessments. In alignment with this shift, the European Union established the
Animal-free Safety assessment of chemicals: Project Cluster for Implementation of novel
Strategies (ASPIS) to advance sustainable, animal-free, and reliable approaches for chemical risk

assessment. Within this framework, the ASPIS cluster curated a reference list of steatogenic and



non-steatogenic compounds, serving as a standardized foundation for investigating chemical-
induced steatosis. This availability of well-defined binary classifications facilitates the application
of ML algorithms in toxicity prediction. Central to this approach is transcriptomics data, which
captures molecular signatures of steatogenesis and provides a mechanistic basis for classifying
compounds based on their potential to induce hepatic lipid accumulation and associated
toxicological outcomes. For this study, transcriptomic data were sourced from the Open
Toxicogenomics Project-Genomics Assisted Toxicity Evaluation System (TG-GATEs) database
(Igarashi et al., 2015).

Machine learning has emerged as a powerful approach for predictive toxicology, enabling
improved chemical hazard prediction through integrative analysis of toxicogenomic data. Jiang et
al. (2023) demonstrated this potential by applying supervised ML algorithms to Primary Human
Hepatocytes (PHH) transcriptomic data from TG-GATEs, yielding high predictive performance
and identifying 13 key genes linked to drug-induced intrahepatic cholestasis (DIC). In a related
approach, O'Donovan et al. (2023) employed transfer learning within deep neural networks to
predict human gene expression profiles from rat data, demonstrating cross-species generalization.
Aguayo et al. (2021) integrated ML within a qualitative gene-expression activity relationship
framework to predict DILI from cancer cell line transcriptomes, achieving consistently high
predictive performance across validation tests. Collectively, these studies underscore the growing
utility of ML within toxicogenomics for advancing mechanism-based, human-relevant chemical
safety assessment.

Unlike other hepatotoxicity endpoints, DIHS poses unique challenges due to its gradual
onset and the multifactorial nature of lipid accumulation, which is influenced by genetic,
metabolic, and environmental factors (Cataldi et al., 2021; Satapathy et al., 2015; Weiler et al.,
2015). Although prior studies have successfully applied ML to TG-GATEs data, the approach used
here diverges in several key aspects. Jiang et al. (2023) developed ML models for DIC using
differentially expressed genes (DEGs) as input features. O'Donovan et al. (2023) applied transfer
learning to predict human hepatic transcriptomic responses from rat in vitro and in vivo data.
Aguayo et al. (2021) integrated ML with pathway enrichment to identify key biological processes
underlying DILIL In contrast, our study directly uses the pre-processed gene expression data as
input, without restricting features to DEGs or pathway-enriched subsets. This strategy enables the

model to capture broader transcriptomic signatures of steatogenesis that might be missed by



targeted approaches. Additionally, we employ bootstrap resampling, with model performance
evaluated independently across 1,000 iterations, to enhance robustness and reproducibility. This
framework was used to address two key questions relevant to chemical risk assessment:
1. Can ML algorithms accurately predict the steatogenic potential of a compound from
transcriptomic data?
2. Can predictive ML models identify both established and novel gene markers of DIHS, and
do these features generalize across species to support translational relevance?
To address these questions, we evaluated five supervised ML algorithms: elastic net logistic
regression (ENLR), extreme gradient boosting (XGBoost), k-nearest neighbors (KNN), random
forest (RF), and support vector machines (SVM), for predicting chemical steatogenicity using

human and rat TG-GATEs transcriptomic data.

2. Materials and methods

2.1 Data retrieval

A curated list of 31 steatogenic and 9 non-steatogenic compounds (Supplementary Table 1),
endorsed by the ASPIS chemical selection working group, was used to query ArrayExpress
(https://www.ebi.ac.uk/biostudies/arrayexpress) for liver transcriptomic datasets. To ensure
consistency in experimental design, species, and exposure conditions, analyses were restricted to
the Open TG-GATESs database, which includes data for 170 compounds (Igarashi et al., 2015). TG-
GATEs comprises microarray-based gene expression profiles for ~19,914 genes in PHH, and
~12,153 genes in primary rat hepatocytes (in vitro; PRH) and rat liver tissue (in vivo; RLT). PHH
and PRH samples were collected at 2, 8, and 24 h following low, medium, or high-dose treatment
(two biological replicates per condition). RLT samples were collected at 3, 6, 9, and 24 h after a
single acute dose (three replicates per condition) (Figure 1). Data on six ASPIS-listed compounds
were available in TG-GATEs: four steatogenic (tamoxifen, valproic acid, amiodarone, carbon
tetrachloride) and two non-steatogenic (colchicine, imipramine). Full dataset details are provided

in Igarashi et al. (2015).

2.2 Data labeling
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The TG-GATEs datasets for human and rat liver samples were systematically labeled and
categorized as steatogenic or non-steatogenic, following classifications from the validated ASPIS
chemical list. It is essential to underscore that data labeling was performed independently of dose

and timepoint considerations.

2.3 Data preprocessing

The raw microarray data were preprocessed in R using the affy package (version 1.80.0)
(Gautier et al., 2004). Probes were reannotated with Ensembl gene identifiers using CustomCDF
version 25 from the BrainArray database (Dai et al., 2005). Preprocessing included background
correction, normalization, and summarization of probe-level intensities to generate gene
expression values. Genes with a mean expression level below 6 were excluded. The resulting gene
expression data were subsequently used for downstream analyses, including differential gene
expression analysis, ML, and pathway enrichment. Principal component analysis (PCA) was
performed independently for rat and PHH datasets to assess sample-level variance (Supplementary

Figures 1A-F).

2.4 Differential Gene Expression Analysis
The Omics Data Analysis Framework for Regulatory application (R-ODAF) (M. C.

Verheijen et al., 2022) was used to identify DEGs between steatogenic and non-steatogenic
conditions. Each dataset, PHH, PRH, and RLT was analyzed independently. The complete list of
DEGs is available here https://github.com/TGX-
UM/ASPIS _Omics ML/tree/main/List of DEGs.

2.5 Machine learning classification of compounds

Five supervised ML algorithms, ENLR, XGBoost, KNN, RF, and SVM were used to classify
compounds based on their steatogenic potential. Models were trained using TG-GATEs liver
transcriptomic data for the six ASPIS-listed compounds. The complete ML code is publicly
available at https://github.com/TGX-UM/ASPIS Omics ML/tree/main/Scripts. ML workflows
were developed using the tidymodels package (version 1.2.0) (Kuhn & Wickham, 2020).The
following steps were applied to develop the ML models.
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1.  Feature engineering and preprocessing

Near-zero variance features (genes) were removed to eliminate highly correlated or uninformative
genes that may have bypassed mean expression filtering. Class imbalance was corrected using the
Synthetic Minority Oversampling Technique (SMOTE). In PHH data, the non-steatogenic class

was underrepresented, while in PRH and RLT, the steatogenic class was the minority.
ii. Model training and resampling

Data from PHH, PRH, and RLT were analyzed separately. To ensure statistical robustness, each
dataset underwent 1,000 stratified bootstrap resampling iterations, preserving class balance. Each
resample was split into a training (analysis) set and an out-of-bag (OOB) test set. Models were

trained on the analysis set and evaluated on the corresponding OOB test set.

1ii.  Model evaluation

Model performance was assessed using six metrics: accuracy, sensitivity, specificity, area under
the receiver operating characteristic curve (ROC AUC), Youden’s J index, and Matthews
correlation coefficient (MCC). These were computed across all 1,000 bootstrap iterations to ensure

reliability.

iv.  Model application to full TG-GATEs PHH dataset

Based on cross-validation performance, the linear SVM achieved the highest ROC AUC across all
datasets (PHH, PRH, and RLT) and was selected as the best-performing model. The SVM model
trained on PHH data was subsequently applied to the full TG-GATEs PHH dataset. Steatogenicity
was predicted for all compounds, doses, and time points using a classification probability threshold
>(.7. Predictions were benchmarked against the next two best-performing models, RF and ENLR,

based on their ROC AUC scores.

v.  Feature importance and predictive gene selection

Gene importance scores were derived from the final linear SVM models trained on each dataset

(PHH, PRH, and RLT). Scores were calculated from model coefficients, converted to absolute



values, and normalized (0—1). The top 100 ranked genes per dataset were selected for downstream

enrichment analyses.

vi.  Functional mapping

Top predictive genes were mapped onto the Liver Lipid Metabolism Physiological Map
(LiverLipidPM) v3 (Ladeira et al., 2024; Ladeira et al., 2025) to investigate their roles in hepatic
lipid metabolism. Genes not annotated for liver-specific functions or disease associations were
subjected to additional pathway enrichment analysis using Enrichr-KG (Evangelista et al., 2023),
focusing on Gene Ontology (GO) Biological Processes, Reactome, KEGG, and WikiPathways
databases. The full analytical workflow, from data preprocessing to functional interpretation, is
summarized in Figure 1. Overlapping gene lists from PHH, PRH, and RLT datasets were
harmonized for integrated visualization. Rat genes were mapped to human orthologs using the R
packages org.Hs.eg.db, org.Rn.eg.db, and biomaRt (Durinck et al., 2009). Gene identifiers that
could not be automatically mapped were manually verified and annotated using the Bgee database

(Bastian et al., 2025).

The LiverLipidPM comprises 639 unique HGNC-approved symbols represented as gene, RNA, or
protein nodes within a comprehensive network of metabolic, signalling, and regulatory pathways.
We programmatically accessed the LiverLipidPM through the minervaR package (Gawron et al.,
2023) to extract node names for direct comparison with predictive gene sets. This enabled
assessment of overlap between LiverLipidPM components and top predictive genes from PHH,
PRH, and RLT datasets, evaluating mechanistic coverage. Overlay files were generated for each
dataset to visualize matched genes interactively on the Molecular Interaction NEtwoRk

VisuAlization (MINERVA) platform.

vii.  Text-mining and functional inference for unannotated genes

Genes not captured in Disease Ontology (DO), LiverLipidPM, or pathway enrichment were
profiled using literature mining. Queries were constructed using the rentrez package (Winter, 2017)
and run against PubMed and National Center for Biotechnology Information (NCBI) Gene
database. Searches combined gene names with liver pathology-related keywords (e.g., hepatic

dysfunction, metabolic regulation) restricted to title and abstract fields (TIAB). Genes were



categorized based on evidence from PubMed, NCBI Gene, both, or neither. Keywords used are
listed in Supplementary Table 2.

viii.  Comparison with DEGs and known steatosis genes

The top 1,000 SVM-predictive genes were compared with DEGs between steatogenic and non-
steatogenic groups, and a curated list of known steatosis-associated genes from the Rat Genome
Database (RGD) (Vedi et al., 2023). The RGD list was filtered based on the term column to retain
genes associated with steatotic liver disease, metabolic dysfunction-associated steatohepatitis, and
metabolic dysfunction-associated steatotic liver disease. Overlapping genes were mapped to the
LiverLipidPM v3 (Ladeira et al., 2024). All gene lists used in this analysis are available at
https://github.com/TGX-UM/ASPIS Omics ML.

Figure 1. Workflow diagram illustrating the machine learning (ML) analysis pipeline.

A curated list of 31 steatogenic and 9 non-steatogenic compounds was used to query the
ArrayExpress (AE) database. Microarray gene expression data from the TG-GATEs project were
retrieved for primary human hepatocytes (PHH), primary rat hepatocytes (PRH), and rat liver
tissue (RLT), and normalised using the Robust Multi-array Average (RMA) method via the affy R
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package. Five supervised ML algorithms were trained on the normalised data, with performance
evaluated across 1,000 bootstrap resamples using sensitivity, specificity, ROC AUC, Youden’s J-
index, and Matthews correlation coefficient (MCC). The best-performing model, based on ROC
AUC was used for downstream analysis, including predictive gene selection, pathway enrichment,

functional profiling, and prediction across the full TG-GATEs PHH dataset.

3. Results

This study aimed to develop ML models to predict the steatogenic potential of chemicals
using microarray gene expression data, and to identify both established and novel genes associated
with DIHS. We also evaluated the translatability of in vitro findings to the in vivo situation. To
achieve this, we used gene expression data from the Open TG-GATEs database, which includes
transcriptomic profiles from PHH, PRH, and RLT. After preprocessing and quality control, the
final dataset comprised 108 PHH samples, 140 PRH samples, and 247 RLT samples. Table 1
summarizes the classification of these samples into steatogenic and non-steatogenic categories.
The final number of genes used for model training was 8,272 for the PHH dataset, 9,038 for the
PRH dataset, and 8,305 for the RLT dataset. Supplementary Figures 2A-C provides bar plots
illustrating the number of genes removed by the mean expression filter and those retained for

analysis.

Table 1. Summary classification of data based on the ASPIS-cluster chemical list

Dataset Number of Number of non- Total number of
Steatogenic samples  steatogenic samples samples
TG GATEs PHH 62 46 108
TG GATEs PRH 68 72 140
TG GATEs RLT 112 135 247

Predicting the steatogenic potential of chemicals using gene expression data

Among the five ML models tested, SVM outperformed all other classifiers across datasets,
achieving the highest ROC AUC scores: 0.820 (PHH), 0.975 (PRH), and 0.966 (RLT) (Figures
2A-C). It also demonstrated high sensitivity (>0.8) across all datasets. In terms of specificity, the

10



PHH model performed moderately, with values slightly above 0.6, while both PRH and RLT
models showed strong specificity, both exceeding 0.85 (Table 2). For the PHH dataset, the SVM
model produced a Youden’s J index of 0.515 and a MCC of 0.545. In the PRH dataset, both the J
index and MCC were greater than 0.80, with similarly strong values observed in the RLT dataset

(Table 2).

A) PRH B) RLT

Model
- SVM
= ENLR
- XGB
RF
= KNN

Model
- SVM
= ENLR

True Positive Rate

True Positive Rate
o

o XGB
= KNN Auc

2 0.966
0.952
0.905

a
]

0.852

050
False Positive Rate

C) PHH

Model
= SVM
RF
& ENLR
= XGB
= KNN

True Positive Rate
o

0.00 025 0.75 1.00

0.50
False Positive Rate

Figure 2. ROC AUC curves showing the classification performance of five machine learning
models across three datasets.

Support vector machine (SVM), random forest (RF), elastic net logistic regression (ENLR), k-
nearest neighbours (KNN), and extreme gradient boosting (XGBoost) were evaluated on A)

11



primary rat hepatocytes (PRH), B) rat liver tissue (RLT), and C) primary human hepatocytes
(PHH). The colors of the ROC curves and AUC values correspond to their respective models as

shown in the legend

Table 2. Additional performance metrics for all ML models across datasets. Metrics include

sensitivity, specificity, Youden’s J index, and MCC.

Models Accuracy Sensitivity Specificity J index MCC
Primary Human Hepatocytes
SVM 0.778 0.896 0.619 0.515 0.545
RF 0.740 0.866 0.571 0.437 0.464
ENLR 0.743 0.854 0.593 0.447 0.468
XGB 0.738 0.851 0.586 0.437 0.458
KNN 0.684 0.719 0.636 0.356 0.355
Primary Rat Hepatocytes
SVM 0.923 0.930 0.916 0.847 0.846
ENLR 0.884 0.858 0.909 0.767 0.769
RF 0.746 0.763 0.731 0.493 0.493
XGB 0.725 0.736 0.715 0.451 0.451
KNN 0.770 0.768 0.772 0.539 0.539
Rat Liver Tissue
SVM 0.900 0.927 0.878 0.805 0.802
ENLR 0.879 0.916 0.849 0.765 0.761
XGB 0.831 0914 0.762 0.677 0.676
RF 0.828 0.914 0.756 0.671 0.671
KNN 0.801 0.836 0.772 0.608 0.605

SVM model evaluation on the full TG-GATEs PHH dataset

The SVM model trained on PHH data was then applied to the full TG-GATEs PHH dataset
to predict compound steatogenicity. Out of 2,605 arrays evaluated, the SVM model classified 883
as steatogenic, compared to 953 by ENLR and only 70 by RF (Figure 3A). The comprehensive list
of predictions from these three models is available here: https://github.com/TGX-
UM/ASPIS Omics ML.

For non-steatogenic classifications, the SVM model identified 976 samples, RF identified
774, and ENLR yielded the highest number with 1,147 non-steatogenic predictions. The number

of uncertain classifications varied substantially among the models, with SVM classifying 746

12
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samples as uncertain, ENLR 505, and RF exhibited the highest uncertainty with 1,761 samples.

Among control samples, those predicted as steatogenic by the SVM model had a median

probability of 0.25, while those classified as non-steatogenic had a median probability of 0.75

(Figures 3B-D).
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Figure 3. Machine learning-based predictions of steatogenic and non-steatogenic outcomes

in PHH samples.

A) Stacked bar plot comparing prediction outcomes across SVM, RF, and ENLR models for PHH

samples, with predictions categorized as steatogenic, non-steatogenic, or uncertain at a threshold

> (.7. B) Boxplot showing the dose and time-dependent effects on predicted steatogenicity across

controls, low, mid, and high doses at 2 h, 8 h, and 24 h time points. Predicted probabilities of

13




steatogenicity generated using the SVM model applied to the TG-GATEs PHH dataset. C) Bar plot
showing prediction probabilities generated by the SVM model for PHH samples treated with
predefined steatogenic compounds. Each bar represents the probability of steatogenic
classification across different doses and time points. D) Bar plot illustrating non-steatogenic
prediction probabilities generated by the SVM model for control and treated samples originally
labelled as non-steatogenic in the predefined chemical list. Each bar represents the predicted

probability for an individual sample across different experimental conditions.

Comparison of SVM identified predictive genes with DEGs and known steatosis associated
genes

To assess biological relevance, the top 1,000 SVM-predictive genes were compared with
DEGs and a curated list of steatosis-associated genes. Overlap was limited across all datasets
(Figures 4A-C). In PHH data, only three genes, ACADM, INSR, and ULKI were common to all
three gene sets. Similarly, in PRH and RLT most SVM-predictive genes showed minimal overlap
with both DEGs and the curated steatosis-associated gene list. Only two genes (Gpt, Cdl4)
overlapped across all three gene sets in PRH, while nine genes overlapped in RLT. Among these
nine, notable shared genes include Gcek, Dhrs7, and Gpt2. The full gene lists are available at
https://github.com/TGX-UM/ASPIS Omics ML.

A) PHH B) PRH

SVM top genes PRH DEGs
SVM top genes PHH DEGs

SN

Steatosis genes

Steatosis genes
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C) RLT

SVM top genes RLT DEGs

SN

Steatosis genes

Figure 4. Overlap among the top 1,000 SVM-predictive genes, DEGs and known steatosis-
associated genes.

Venn diagrams illustrate gene overlaps for (A) PHH, (B) PRH, and (C) RLT datasets. Known
steatosis-associated genes were curated from the Rat Genome Database (RGD) based on liver

disease terms related to steatosis.

Mapping Overlapping genes onto LiverLipidPM

Automated gene identifier conversion achieved a 98.8% success rate. In the human-derived
PHH dataset, four genes (ENSG00000261829, ENSG00000267458, ENSG00000242861,
ENSG00000286388) lacked HGNC-approved symbols and were identified as novel transcripts
without functional annotation. In the rat-derived PRH and RLT datasets, three gene identifiers
(ENSRNOG00000023828, ENSRNOG00000057601, ENSRNOG00000004147) lacked direct
human orthologs and could not be converted. Additionally, three human and twelve rat genes were
not automatically processed and were manually annotated. The full list of these unmapped gene
symbols is available at the project GitHub repository (https://github.com/TGX-
UM/ASPIS Omics ML).

15
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Following this annotation, the predictive gene sets were mapped onto the LiverLipidPM
(Figures 5A-D) to explore their functional roles in lipid metabolism. This analysis identified
ACADM (acyl-CoA dehydrogenase medium chain) and /NSR (insulin receptor) as the key
mechanistic players. ACADM catalyzes mitochondrial beta-oxidation of saturated and unsaturated
fatty acids and regulates acyl-CoA availability within fatty acid elongation pathways, redirecting
metabolic flux away from triacylglyceride synthesis toward alternative biological processes. INSR
plays a central role in glucose uptake, facilitating acetyl-CoA flux and thereby influencing both

energy production and lipid metabolism.

Moving on to the PRH samples, only one gene, Gpt (glutamic-pyruvic transaminase),
appeared in the central intersection and was present in the LiverLipidPM (Figures 5A-D). Gpt
catalyzes the conversion of pyruvate into alanine and alpha-ketoglutarate, diverting pyruvate from
the tricarboxylic acid cycle and into an anabolic pathway for amino acid generation (Figures 5A-
D). In contrast, the RLT samples were more enriched in genes, with 9 hits in the intersections,
though the overlap with the LiverLipidPM was limited. Notable genes such as Gck (glucokinase),
Dgat2 (diacylglycerol O-acyltransferase 2), and Scarbl were visualized (Figures 5A-D). Gck is
involved in the first step of glucose metabolism, phosphorylating glucose into glucose-6-
phosphate, which initiates the glycolysis pathway. Dgat2 plays a crucial role in lipid droplet
dynamics by converting diacylglycerols into triacylglycerols, allowing lipid storage in intracellular
lipid droplets. Scarbl facilitates the uptake of high-density lipoproteins (HDL) in hepatocytes,
increasing intracellular cholesterol and phospholipid levels, which can subsequently be stored in

lipid droplets.

Figures 5A-D depict the data visualization in the LiverLipidPM, showcasing the SVM, steatosis,
and DEG intersection gene list for PHH samples
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Figure 5. Visualization of predictive genes in the LiverLipidPM.

A) Overview of the full LiverLipidPM showing the network of integrated metabolic, signaling,
and regulatory pathways. B) Zoom-in on the fatty acid elongation pathway, illustrating molecular
interactions represented in the map. C) Visualization of predictive genes from the PHH dataset,
overlaid on the map. Distinct colors are used to distinguish data from different gene lists; colors
do not convey intrinsic meaning. D) Gene list overlays available for interactive exploration on the

MINERVA platform at https://ontox.elixir-
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luxembourg.org/minerva/index.html?id=Liver Lipid Metabolism Physiological Map v3,

accessible via the “Overlays” tab.

Biological Interpretation of Predictive Gene Sets

To ensure a balance between predictive relevance and biological interpretability, the top
100 genes from each dataset were selected based on their importance scores derived from the SVM
model, the best-performing model across all three datasets. This approach prioritized the most
predictive features for subsequent biological analysis. Across all three datasets, the importance
scores of the selected genes remained consistent, with the top 100 genes selected above the
threshold of 0.45 in PHH, 0.47 in PRH, and 0.44 in RLT, indicating a similar ranking of predictive

features.

Mapping the Top 100 SVM Genes to the LiverLipidPM
The selected top 100 SVM genes were mapped to the LiverLipidPM (Ladeira et al., 2024),

a manually curated knowledge-based framework that integrates pathways and regulatory networks
involved in hepatic lipid metabolism (e.g., fatty acid, triglyceride, and cholesterol synthesis). This
map was used as a reference to identify which specific lipid-metabolic processes were represented
by the most predictive genes thereby facilitating the identification of chemical-induced disruptions
contributing to steatosis development. In total, 15 genes were identified: 3 in PHH (eg., CYPIAI),
4 in PRH (eg., Mgll), and 8 in RLT (eg., Gck). These genes are primarily associated with
mitochondrial function, lipid and glucose metabolism, highlighting their relevance in lipid
regulatory mechanisms. A comprehensive overview of the mapped genes and associated pathways

across all datasets is presented in Table 3.

In PHH, BPGM and NDUFAI are associated with glucose and mitochondrial metabolism,
respectively, while CYPIA1 is linked to lipid metabolism. For PRH data, Mg/l and Plin2 are
associated with lipid metabolism, with Pl/in2 additionally linked to lipid droplet regulation. In the
RLT dataset, Aldhib1 and Gck are linked to lipid metabolism, while Afox/ and Echl are involved
in mitochondrial pathways.

Furthermore, comparison of the top 100 SVM genes with the steatosis adverse outcome pathway

(AOP) gene list (Verhoeven et al., 2024), using the method described by Ladeira et al. (2025),
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revealed six overlapping genes: BAX and CYPAIA in PHH, HSPA4, MGLL and PLIN2 in PRH and

GOTI in RLT.

Table 3. Mapping of the Top 100 SVM genes to the LiverLipidPM

Datasets Genes Processes General Function
PHH CYPIAI Lipid Metabolism Fatty acid
metabolism
BPGM Glucose Metabolism  Steroid metabolism
NDUFAI Lipid Metabolism Electron transport
PRH Mgll Lipid Metabolism Lipid
hydrolysis/Lipid
signaling
Plin2 Lipid droplet Lipid storage
Atp7a Mitochondrial Copper transport
Metabolism Pathway
ElovI2 Cholesterol Fatty acid/Lipid
Biosynthesis Pathway elongation
RLT Ecil Mitochondrial Fatty acid oxidation
Metabolism Pathway
Aldhibl Glucose Metabolism  Aldehyde
detoxification
Gck Glucose Metabolism  Glucose
and Insulin Signaling phosphorylation
Gotl Glucose Metabolism  Amino acid
metabolism
Slc2al Glucose Metabolism  Glucose Transport
Atox1 Mitochondrial Copper transport
Metabolism Pathway
Echl Mitochondrial Fatty acid/Lipid
Metabolism Pathway isomerization
Timml10 Mitochondrial Protein translocation
Metabolism Pathway

Gene Annotation and Disease Ontology Analysis.
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In parallel with the mapping to the LiverLipidPM, disease annotation analysis on the top
100 SVM-derived genes per dataset was performed to evaluate known links to liver disease and
liver metabolic dysfunction. A total of 24 genes in PHH, and 29 genes each in PRH and RLT, were
mapped to liver-related metabolic disorders, indicating substantial alignment between predictive
gene signatures and established liver pathologies (Supplementary Table 3). Commonly enriched
DO terms across all three datasets include hepatocellular carcinoma (HCC), experimental liver
cirrhosis (ELC), chemical and drug induced liver injury (CDILI) and steatotic liver disease (SLD),

reflecting overlap with known toxicant-induced liver conditions.

In PHH, several genes showed direct links to metabolic outcomes, including annotations to CDILI,
HCC, SLD, and ELC. For instance, CYPIAI, ANXA6, BAX are associated with both CDILI and
HCC, while PHF6 is exclusively linked to HCC. Additional genes annotated to CDILI included
SOD2 and IMMT, with SOD_2 also annotated under SLD. Genes such as C7SZ and ILI7RC are
linked to ELC.

In PRH, several genes are annotated to ELC, including Fgfrl, Plin2, Mme and, Cypl7al, with
Fgfrl and Plin2 also linked to SLD. Fgfrl, Cypl7al, and Mme additionally show associations
with HCC. Other HCC-related genes include DAfr, which is also annotated to CDILI.

In RLT, several genes are linked to ELC, CDILIL, SLD and HCC. Ada, Gotl, Dhrs7, Ngol, and
Dhfr are associated with both ELC and CDILI, with Dhrs7 and Ngo! also linked to SLD, and Dhfr
additionally annotated to HCC. Interestingly, despite overlapping disease annotations, gene-level
concordance across datasets was minimal, with only DAfr and Pskhl shared between PRH and
RLT datasets. A complete list of genes and their associated key liver-related terms is provided in
Supplementary Table 3. Additional genes across all three datasets are also annotated to broader
liver or systemic disorders including metabolic syndromes, hepatomegaly, Progressive Familial

intrahepatic Cholestasis, and dyslipidemia.

To assess whether top-ranked genes not mapped to disease terms or lipid pathways were still
functionally relevant, enrichment analysis was performed. The results revealed associations with
core biological processes, including apoptosis, cellular stress response and spliceosome
processing. In PHH, genes such as NONO and PRPF3 contribute to these functions. In PRH, genes
including A¢gl0 and Wipi2 are linked to autophagy, phospholipid metabolism, and lipoprotein
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biosynthesis, mechanisms essential for maintaining hepatic lipid balance and cellular integrity.

Supplementary Figures 3A-C and Supplementary Table 4 provide the full enrichment results.

In RLT, genes including Fpgs, Hogal, and Acot4 are associated to dicarboxylic acid metabolism,
while broader metabolic processes are reflected by Dera and Bcol, both involved in fat-soluble
vitamin metabolism. Additionally, Pik3r5, a gene implicated in Insulin Signaling and metabolic
regulation, was identified. Although no enrichment results met the adjusted significance threshold
(q < 0.05), numerous terms remained significant at nominal p-value threshold (p < 0.05), likely

due to small number of input genes limiting statistical power for multiple testing correction.

Functional profiling of unannotated genes

To address the biological relevance of predictive genes that remained uncharacterized in
prior annotation or enrichment analysis, a bottom-up literature mining approach was applied. This
approach sought novel or less-characterized genes implicated in lipid metabolism, cellular stress,
inflammation, and broader liver pathologies, such as fibrosis, cirrhosis and cholestasis, that may
contribute indirectly to steatosis progression. Keyword-based profiling of PubMed title/abstracts
and NCBI Gene summaries were performed to highlight under-studied genes and prioritize them
for follow-up validation. A total of 66 genes in PHH, 52 in PRH, and 47 in RLT were screened
(Supplementary Table 5) to explore potential mechanistic roles in liver dysfunction. Among these,
48 genes in PHH, 47 in PRH, and 37 in RLT returned hits, based on keyword-driven evidence from
PubMed (TIAB) queries. Biological terms associated with hit genes included apoptosis,
inflammation, oxidative stress and hepatocellular carcinoma, which appeared across multiple
datasets. Dataset-specific enrichment included steatohepatitis and cholestasis in PHH, cholesterol
metabolism and mitophagy in PRH and steatosis in RLT. Notably, several genes in each dataset
are linked to both early stress responses and advanced liver pathologies. For example, PIMI in
PHH is associated with apoptosis and fibrosis, while AP3M2, CHP1, GLMN and LYRM? are linked
to hepatocellular carcinoma.
In PRH, Igf2bp?2 exhibited broad relevance, being linked to ferroptosis, fibrosis, inflammation and
insulin resistance, suggesting potential involvement in both early stress responses and progressive
pathological features. In RLT, Cyp4al is involved in lipid metabolism, oxidative stress and
steatosis, whereas Ccz/ is connected to lipid droplet regulation, a hallmark of steatotic progression.

NCBI Gene summaries provided additional context for two genes in PHH and 1 in RLT,
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highlighting roles in transport, mitochondrial function, apoptosis and metabolic regulation.
Altogether, 132 of the 165 predictive genes, 48 in PHH, 47 in PRH, and 37 in RLT, showed
functional annotations related to cellular responses, metabolic regulation and liver disease
progression (Supplementary Figures 4A-C; Supplementary Table 5). In contrast, 16 genes in PHH,
5in PRH and 9 in RLT lacked PubMed or NCBI Gene annotations, reflecting a residual knowledge
gap and highlighting candidates for future investigation (https://github.com/TGX-
UM/ASPIS Omics ML/tree/main/Literature Mining_Results).

4. Discussion

Machine learning is transforming predictive toxicology, aligning with the global shift
towards New Approach Methodologies (NAMs), which prioritize ethical, human-relevant, and
mechanistically driven strategies for next-generation risk assessment (NGRA) (Aguayo et al.,
2021; Jiang et al., 2023; Lin & Chou, 2022; O'Donovan et al., 2023). In this study, we evaluated
the performance of five supervised ML algorithms, ENLR, KNN, RF, SVM, and XGBoost, trained
on the Open TG-GATEs transcriptomic data (Igarashi et al., 2015) to accurately predict the
steatogenic potential of chemical compounds. These classifiers were selected to represent a diverse
array of learning paradigms, encompassing penalized linear models (ENLR), distance-based
methods (KNN), ensemble tree learners (RF, XGBoost), and margin-based classifiers (SVM). This
diversity facilitates a comprehensive comparison across fundamentally different algorithmic
approaches, ensuring robust evaluation under identical training conditions. Importantly, we
prioritized models that are computationally efficient and interpretable, with the goal of developing
tools that can run on standard laboratory workstations. Among these algorithms, SVM consistently
achieved the highest performance, with ROC AUC values exceeding 0.8 across all three datasets
(Figures 2A-C). These values significantly surpass the 0.5 baseline, indicating that the SVM model
effectively captures consistent and robust transcriptomic patterns associated with steatogenicity.
Consequently, SVM was selected for downstream prediction tasks and feature interpretation across

PHH, PRH, and RLT datasets.

The consistently superior performance of the SVM model across all datasets can be attributed
to its strong suitability for high-dimensional, low-sample size data, typical of toxicogenomic

experiments. Microarray data live in the classic “largep, smalln” regime where SVMs have
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historically excelled (Guyon et al., 2002; Statnikov et al., 2005). In such contexts, where the
number of features (genes) greatly exceeds the number of samples, SVMs are particularly effective
because they construct an optimal hyperplane that maximizes the margin between classes, thereby
improving generalization and reducing overfitting (Cristianini & Shawe-Taylor, 2000; Hastie et
al., 2009). Margin-based learning is especially effective in contexts where class boundaries are
diffuse, as frequently observed in early transcriptomic perturbations from chemical exposure.
Conversely, KNN relies on distance metrics that degrade in high dimensions due to the curse of
dimensionality, where all points become equidistant, reducing discriminatory power (Biau &
Devroye, 2015). Tree-based models such as RF and XGBoost require sufficient sample sizes to
build informative decision nodes. In high-dimensional datasets with limited samples, tree-based
models may rely on unstable or weakly informative splits, increasing the risk of overfitting and
reducing model generalizability (Ancuceanu et al., 2020; Guo et al., 2023). ENLR, while
interpretable and effective for feature selection in high-dimensional settings, assumes linear
additive effects and may therefore miss nonlinear or higher-order gene-gene interactions, features
commonly observed in toxicogenomic responses (Alexander-Dann et al., 2018; Zou & Hastie,

2005).

Interestingly, the SVM model achieved near-identical ROC AUC values in PRH (0.975) and
RLT (0.966), reflecting consistently high predictive performance across both in vitro and in vivo
rat models. This finding challenges the common assumption that in vitro systems lack the
complexity to recapitulate in vivo outcomes (Williams et al., 2013). Our results suggest that PRH
retain sufficient transcriptomic resolution to distinguish steatogenic from non-steatogenic
exposures with high fidelity. A plausible explanation lies in the acute exposure design of the TG-
GATEs dataset used, which captures early transcriptional responses to chemical insult. At these
early time points, cell-autonomous stress responses may dominate, enabling in vitro models to

mirror key in vivo transcriptional patterns (Liu et al., 2019).

Building on this, it is particularly striking that SVM models trained on rat data outperformed
the PHH trained model despite identical data processing steps. This performance gap may be
explained by a combination of biological and technical factors. First, inter-individual variability in
the PHH dataset likely impacted the predictive performance. Human hepatocytes were sourced

from multiple donors (Igarashi et al., 2015), introducing variation in gene expression and
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metabolic activity. Donor differences in age, gender, genetic background, and health status
contribute to this heterogeneity, which, while biologically meaningful and essential for human-
relevant modelling, poses challenges for ML models trained on relatively small datasets. For
instance, polymorphisms in CYP3A44, a key phase one metabolic enzyme, can result in 15-30%
variation in drug metabolism between individuals (Godoy et al., 2013). In contrast, the rat data
were generated from genetically homogeneous male Sprague-Dawley rats maintained under
controlled experimental conditions (Igarashi et al., 2015). This genetic and environmental
uniformity likely reduced background variability and improved the model’s ability to detect
consistent steatogenic transcriptional patterns. As such, the lower performance in PHH trained
model may reflect limitations in sample scale rather than biological relevance, emphasizing the

need for larger and more diverse human datasets to support robust predictive modeling.

In addition to donor variability, fundamental physiological differences between human and rat
liver systems likely contribute to the observed performance gap. Species-specific differences in
absorption, distribution, metabolism, and excretion (ADME) can substantially alter compound
disposition and transcriptomic responses. Human and rat hepatocytes differ in the composition and
basal expression levels of cytochrome P450 (CYP) isoforms. For example, the CYP2C, CYP2E|,
and CYP34 subfamilies vary across species in both substrate specificity and inducibility (Hammer
et al., 2021; Martignoni et al., 2006). Quantitative studies have shown that CYP34 enzymes are
more abundant and strongly induced in rat liver under activation by the pregnane-X-receptor
(PXR), whereas CYP3A44 induction in human hepatocytes is more variable and donor-dependent
(Hammer et al., 2021; Lawrence et al., 2001). Lipid metabolism is another key area of divergence.
Rats exhibit higher peroxisomal B-oxidation capacity and greater sensitivity to peroxisome
proliferator-activated receptor alpha (PPARa) agonists, supporting more efficient lipid clearance
and a robust steatogenic transcriptomic profile (Lawrence et al., 2001; Tahri-Joutey et al., 2021).
In contrast, while overall PPARa expression is comparable between human and rat livers, humans
also express a truncated, low-abundance isoform with reduced functionality. This may dampen
fatty acid oxidation and contribute to subtler transcriptomic shifts in human hepatocytes, especially
under steatotic or inflammatory conditions such as non-alcoholic steatohepatitis (NASH). These

metabolic distinctions likely result in more consistent and learnable steatogenic signatures in rat-
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derived data, helping to explain the superior performance of the SVM model trained on rat samples

compared to PHH.

Structural differences in the datasets, including class distribution, may have further
contributed to the superior performance of the rat-trained SVM models. To enhance statistical
robustness, all datasets underwent 1,000 bootstrap resampling iterations, and SMOTE was applied
to balance class distributions prior to model training. However, SVM models trained on rat data
still outperformed the PHH-trained model, suggesting that statistical harmonization alone could
not overcome dataset-specific limitations. A key technical factor is sample size and class
composition. The rat datasets, particularly RLT, included more replicates per condition and a more
favourable initial class balance. In PRH and RLT, the majority class was non-steatogenic, while
the PHH dataset was initially skewed toward steatogenic samples (Table 1). Although SMOTE
corrected for class imbalance before training, it does not address variability in within-class
consistency or signal strength. These structural differences likely contributed to the pronounced
specificity gap observed between models: the PHH-trained SVM achieved 0.619, whereas PRH
and RLT models exceeded 0.85 (Table 2). Across all datasets, SVM models showed high sensitivity
(>0.80), confirming strong ability to detect steatogenic compounds. Yet the PHH-trained model
lagged in overall performance (Table 2). It yielded a J index of 0.515 and a MCC of 0.545,
reflecting moderate but reliable predictive capacity. In contrast, both PRH and RLT trained models
produced J index and MCC values exceeding 0.80, indicating excellent classification performance.
Notably, a J index > 0.5 reflects a favourable balance between sensitivity and specificity, while an

MCC > 0.5 confirms robustness, even under class imbalance conditions.

To evaluate model applicability, the final SVM classifier trained on PHH data was deployed
on the full TG-GATEs PHH dataset, which included samples treated with compounds of unknown
steatogenic status. A classification probability threshold > 0.7 was applied to ensure high
confidence in predictions. This threshold reflects the biological need for reliability in toxicological
assessments, where both false positives and false negatives can carry significant consequences.
Statistically, it reduces ambiguity by excluding samples near the decision boundary (i.e., around
0.5 probability). A notable example is carbon tetrachloride (CCls), which, despite being labeled as
steatogenic in the ASPIS reference list and included as such during training, was predicted as non-

steatogenic by the PHH SVM model. This discrepancy suggests that the model may have learned
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robust transcriptomic signatures of steatogenicity, rather than merely memorizing compound labels
or relying on superficial patterns. Alternatively, it is possible that CCls does not induce steatosis
under the specific experimental conditions captured in TG-GATEs, indicating that its prior
classification may require re-evaluation. Indeed, CCla is widely used to experimentally induce liver
injury, particularly inflammation and fibrosis (Dong et al., 2016; Masubuchi & Thara, 2022; Pilling
et al., 2024), whereas steatosis often arises later as a secondary effect or typically depends on its

combination with high-fat diets, which themselves promote lipid accumulation.

Several model predictions were supported by existing toxicological evidence, reinforcing
the biological plausibility of the SVM classifier’s output. Two notable examples include
omeprazole and nitrofurantoin, both predicted as steatogenic with high confidence (probability >
0.9) at high doses and 24-hour exposure. Omeprazole, a commonly used proton pump inhibitor,
has been linked to an increased risk of non-alcoholic fatty liver disease (NAFLD). A nationwide
cohort study reported a higher incidence of fatty liver among long-term PPI users compared to
non-users (Pyo et al., 2021). Nitrofurantoin (NFT), primarily known for its antimicrobial
properties, has been implicated in DILI. A recent analysis revealed that prolonged nitrofurantoin
use was associated with severe liver injury, including fibrosis and cirrhosis, while even short-term
exposure could result in hepatocellular damage (Chalasani et al., 2023). Notably, the RF model
also uniquely predicted NFT as steatogenic at a low dose (8 h) and high dose (2 h), suggesting

early transcriptional changes may be detectable even under shorter or lower-exposure conditions.

While several model predictions were supported by existing toxicological evidence,
validation using histological endpoints from TG-GATEs presents key limitations. Although the in
vivo dataset includes annotated liver pathology, two factors constrain its utility for confirming our
steatogenic predictions. First, the highest dose tested corresponds to the lowest observed adverse
effect level (LOAEL), which is unlikely to induce lipid accumulation within the 24 h exposure
window. Second, our objective was not to detect overt steatosis but to classify molecular initiating

events (MIEs) that may lead to steatosis under repeated or chronic exposure.

Selection of the Open TG-GATEs database as the primary data source was guided by both
scientific merit and practical constraints. TG-GATEs remains one of the most comprehensive

toxicogenomic resources available, containing standardized microarray-based gene expression
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profiles for 170 compounds across human and rat liver models (Igarashi et al., 2015). Despite
relying on legacy microarray technology, TG-GATE:s is still considered a benchmark omics dataset
due to its harmonized study design, consistent dosing protocols, and inclusion of both in vitro and
in vivo systems. We explored alternative data sources, including DrugMatrix (Ganter et al., 2005)
and additional public datasets (Supplementary Table 1). However, these had shortcomings we
could not compromise. For example, the DrugMatrix contains disproportionately more control
samples than exposure conditions. This imbalance poses challenges for supervised learning, as the
model may become biased toward the majority class, reducing its ability to learn discriminative
patterns associated with chemical-induced responses. In addition to dataset imbalance, compound
coverage was also limited. Thirty-six of the forty ASPIS-listed chemicals were data-poor, lacking

transcriptomic profiles under controlled experimental conditions.

We also attempted to incorporate RNA-sequencing data from the Hepatic and Cardiac Toxicity
Systems modeling (HeCaToS) project (M. Verheijen et al., 2022), but differences in platform, dose
selection, and time points precluded integration. While our results using TG-GATEs are promising
and demonstrate clear potential for ML in mechanism-driven NGRA, key feasibility barriers
remain. Microarrays are no longer the standard in transcriptomics, and the relatively small sample
sizes in TG-GATEs limit model generalizability. Ideally, robust ML models require more samples
than features, a criterion not met by current toxicogenomic datasets. Realizing the full potential of
ML in NGRA will require new, large-scale, high-quality transcriptomic datasets spanning a diverse
range of compounds, doses, and time points. These resources will be essential for building scalable,

reproducible, and regulatory-ready models for next-generation chemical safety assessment.

Beyond evaluating model performance, we investigated whether the top 100 predictive genes
from the best-performing model (SVM) align with known or novel mechanisms involved in DIHS.
Mapping these top-ranked genes onto the LiverLipidPM (Ladeira et al., 2024) revealed key
mechanistic processes including mitochondrial function, lipid droplet regulation, and energy
metabolism, all of which are central to lipid metabolism. These molecular signatures were

consistently observed across PHH, PRH, and RLT datasets.

Among the genes identified in the PHH trained model, CYP/A4! emerged as a notable
candidate gene associated with NAFLD. Huang et al. (2018) demonstrated that CYPIAI is
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upregulated in oleic acid—treated HepG2 cells, linking its increased expression to lipid
peroxidation in hepatocytes. Alongside CYPIAI, BPGM and NDUFAI also mapped onto the
LiverLipidPM, indicating their roles in glucose and lipid metabolism. NDUFA encodes a subunit
of mitochondrial complex I, a critical component of the electron transport chain responsible for
oxidative phosphorylation and ATP production. Dysfunction of complex I leads to electron leakage
and reactive oxygen species generation, causing oxidative stress and mitochondrial impairment,
both of which are implicated in DILI and metabolic diseases such as NAFLD (Mihajlovic &
Vinken, 2022; Petrosillo et al., 2007). Although direct evidence linking NDUFAI to liver
dysfunction is limited, a recent study in a maternal malnutrition pig model showed significant
changes in NDUFAI expression in metabolically stressed liver tissue (Wang et al., 2023),
suggesting its potential involvement in hepatic pathophysiology. Similarly, BPGM upregulation
has been associated with disrupted amino acid and lipid metabolism during liver disease

progression (Cai et al., 2020).

The SVM model trained on the PRH dataset identified several key genes associated with
lipid metabolism, including Mgl!, Plin2, Atp7a, and Elov2. Plin2 plays a crucial role in lipid droplet
dynamics and regulates hepatic lipid homeostasis by controlling lipolytic enzymes (Gluchowski
et al., 2017; Tsai et al., 2017). A study showed that mice lacking Plin2 exhibit a 60% reduction in
triglyceride content in hepatocytes (Tsai et al., 2017). Mechanistically, PLIN2 inhibits lipolytic
enzymes, including PNPLA2 and MGLL (Mclntosh et al., 2012). Elevated levels of Plin2 in fatty
liver tissue and its reduction in hepatocytes alleviate steatosis, underscoring its significant role in
the development of steatosis (Imai et al., 2007). Similarly, Mgll deficiency has been associated
with protection against hepatic steatosis due to enhanced lipid storage in adipose tissue and
reduced lipid absorption in the intestine (Tardelli et al., 2019). A#p7a, involved in copper
homeostasis, is critical for lipid metabolism (Blades et al., 2021). Disruption of A#p7a may lead to
intracellular copper imbalance and increased superoxide levels leading to oxidative stress, which
has been linked to metabolic dysfunctions including NAFLD (Morrell et al., 2017; Sudhahar et al.,
2013). Moreover, copper deficiency contributes to the development of NAFLD (Aigner et al.,
2010).

In the RLT dataset, the SVM model identified key genes, including Ecil, Geck, and Aldhib1,

which were mapped to the LiverLipidPM and linked to mitochondrial metabolism, insulin
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signalling, and glucose metabolism. Increased Gck expression in the liver is associated with
lipogenesis and fatty liver development (Peter et al., 2011). Aldhibl has been reported to be
downregulated in human NASH at the protein level (Li et al., 2018), indicating disruptions in
metabolic pathways.

While only a limited number of top-ranked genes from each dataset mapped to the
LiverLipidPM, the low number of mapped genes likely results from the map’s focus on well-
established lipid metabolism pathways, potentially overlooking genes that contribute to hepatic
lipid dysregulation through indirect or less-characterized mechanisms. Additionally, the
LiverLipidPM is primarily hepatocyte-centric, missing mechanisms from other liver cell
populations, which may be relevant in the multicellular liver environment. Despite these
limitations, the LiverLipidPM is continually updated, incorporating new mechanisms, including
those identified in this study, thereby expanding its coverage. Nevertheless, six of the top 100 SVM
identified genes, BAX and CYPIAIl (PHH), Hspa4, Mgll, and Plin2 (PRH), and Got! (RLT),
mapped to key events in the AOP network described by Verhoeven et al. (2024). Specifically, these
genes are associated with apoptosis, endoplasmic reticulum (ER) stress, and lipid droplet
regulation, highlighting the model’s ability to capture biological mechanisms aligned with
established AOP frameworks and hepatic lipid physiology

Comparing the top 100 SVM-predictive genes across datasets revealed no overlap between
the PHH and rat datasets, but DAfr and Pskhl were common between the rat datasets. DAfr plays
a key role in folate metabolism, and abnormal folate levels have been linked to NAFLD, NASH,
and fibrosis (Yang et al., 2024). Pskhl, a serine kinase, is associated with paediatric intrahepatic
cholestasis (Maddirevula et al., 2024), suggesting that further investigation may provide valuable

insights in understanding its role in liver pathophysiology.

Additionally, DO based gene annotation analysis provided broader context by revealing
consistent associations with key liver conditions across all three datasets. In PHH, genes such as
CYPIAI and BAX were linked to both hepatocellular carcinoma and DILI. BAX, a key regulator
of apoptosis, promotes mitochondrial-mediated cell death, particularly in the context of DILI (Bajt
et al., 2008). Other notable genes, such as SOD2, were also identified and linked to steatosis and
DILI. SOD?2 is a mitochondrial enzyme critical for handling reactive oxygen species (Palma et al.,
2020). In NAFLD, SOD?2 deficiency exacerbates mitochondrial generation of reactive oxygen
species, which upregulates sterol regulatory element-binding protein 1c (SREBPIc), a
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transcription factor driving fatty acid synthesis. The overexpression of SREBPIc also activates the

NF«B inflammation pathway, worsening hepatic steatosis (Ma et al., 2021).

Although limited overlap was observed between PRH and RLT, consistent enrichment of
liver disease-related terms across all datasets suggests a shared biological response to steatogenic
compounds. The identification of genes related to liver dysfunction through both lipid pathway
mapping and DO analysis further supports the model's ability to uncover expression patterns
unique to steatogenicity. While only two genes overlapped between PRH and RLT, and none
overlapped with PHH, each dataset captured distinct patterns of steatogenesis. Genes that lacked
annotations in DO or lipid metabolism pathways were subjected to further enrichment analysis to
explore their potential involvement in broader processes associated with hepatic dysfunction,
including inflammation, cellular stress, and metabolic disruption. Although not statistically
significant, several genes showed nominal enrichment (p < 0.05) across PHH, PRH, and RLT
datasets, revealing involvement in processes related to apoptosis, lipid metabolism, and cellular

stress regulation (Supplementary Figures 3A-C and Supplementary Table 4).

Genes that remained uncharacterized in prior annotation and enrichment analysis were
further investigated using a bottom-up literature mining approach. This method aimed to identify
novel or less-characterized genes with potential relevance to early stress responses and progressive
liver pathologies. Out of the 165 predictive genes lacking prior annotations, 132 (48 in PHH, 47
in PRH, and 37 in RLT) were linked to processes related to oxidative stress, apoptosis, and lipid
metabolism. For example, PIM1 in PHH was identified and is linked to apoptosis (Gu et al., 2009).
Igf2bp2, identified in PRH, is an m6A reader gene and has been linked to apoptosis, fatty liver,
fibrosis, and HCC (Pu et al., 2020; Wang et al., 2021; Xu et al., 2022).

In RLT, genes such as Cyp4al and Ccz1 were identified; Ccz1 has been reported to be a mediator
in autophagy (Dong et al., 2015). These findings demonstrate that literature mining can uncover
mechanistically relevant genes across all three datasets, spanning early stress responses to
advanced liver pathologies. Furthermore, this approach has the potential to reveal model-specific
signatures, distinguishing human, rat, and other species, and with further analysis, integrate these

findings into species-relevant ontologies.
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Together, these findings show that the top-ranked features from our SVM model not only
recapitulate well-established genes linked to steatosis and other liver-related disorders but also
highlight understudied genes that warrant further investigation as potential mediators of hepatic
lipid dysfunction.

Conclusion

We present a machine learning framework for predicting DIHS using transcriptomic
profiles from human and rat liver models. Among five classifiers, evaluated SVM consistently
outperformed others, achieving high predictive accuracy and identifying biologically relevant gene
features across in vitro and in vivo systems. Enrichment analyses confirmed that top-ranked genes
were mechanistically linked to lipid metabolism, mitochondrial function, and hepatic stress

pathways, hallmarks of steatogenic response.

Despite strong performance, the study is constrained by the limited sample size and legacy
microarray platform of the TG-GATEs dataset. These factors restrict generalizability and
underscore the need for large-scale, human-relevant transcriptomic resources. Future efforts
should prioritize the generation of donor-diverse, high-quality transcriptomic datasets, ideally
using RNA-sequencing or similarly scalable and well-annotated platforms. Such resources will be
essential for training more robust and translational ML models. In parallel, active engagement with
regulatory stakeholders will be critical to define validation criteria and facilitate the integration of

omics-based models into next-generation risk

Our findings illustrate the potential of interpretable, data-driven models to detect early molecular
signatures predictive of liver injury. As regulatory agencies shift toward mechanism-based safety
assessment, this approach offers a scalable, biologically grounded alternative to traditional animal
testing, supporting the broader adoption of NAMs in NGRA. To enable real-world implementation,
active engagement with regulatory stakeholders will be essential to define validation criteria and
ensure that omics-based ML models can be appropriately evaluated and integrated into regulatory

frameworks.
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