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ABSTRACT

Drug-induced liver injury (DILI) is a leading cause of late-stage drug attrition and
post-approval withdrawals, making early in silico risk assessment essential for drug
safety. We present iDILI-MT (identifying drug-induced liver injury compounds with
a multi-head Transformer), a self-contained computational framework that
integrates a feed-forward network for sequential feature extraction, a multi-head
Transformer encoder for contextual representation learning, and a squeeze-and-
excitation attention module for channel-wise feature recalibration. Evaluated on a
curated set of 1,919 small-molecule compounds, iDILI-MT outperformed traditional
machine-learning classifiers and state-of-the-art graph neural networks, achieving a
mean area under the receiver-operating-characteristic curve (AUC-ROC) of 0.8499,
area under the precision-recall curve (AUC-PR) of 0.8905, and F1 score of 0.8173
across ten trials. Attention-weight analysis reveals that the combined multi-head and
squeeze-and-excitation attention mechanisms effectively highlight key substructural
and chemical motifs associated with hepatotoxicity. These findings indicate that
iDILI-MT provides an useful method for detecting compounds at risk of DILI,
potentially accelerating safety assessments in drug development.

Subjects Artificial Intelligence, Data Mining and Machine Learning, Data Science, Neural
Networks
Keywords DILI, Deep learning, QSAR, Transformers

INTRODUCTION

Background

Drug-induced liver injury (DILI) encompasses a spectrum of hepatic damage that can
occur when people take medications, dietary supplements, herbal products, or other
chemical substances (Bell & Chalasani, 2009; Suk ¢ Kim, 2012). The liver’s central role in
drug metabolism makes it particularly vulnerable, as it processes most substances that
enter the bloodstream, potentially leading to toxic accumulation (Bissell et al., 2001; Lin
et al., 2003). Healthcare systems are facing significant diagnostic challenges with DILI as its
symptoms are diverse, including elevated liver enzymes, jaundice, fatigue, and abdominal
pain—often mimic other liver conditions. The variable onset time, ranging from days to
months after starting medication, further complicates diagnosis and causality assessment
(Atienzar et al., 2016; Barnhill, Real ¢ Lewis, 2018; Weber & Gerbes, 2022). Besides, the
unpredictable nature of individual drug metabolism poses major challenges in

How to cite this article Zheng W, Lai F. 2025. iDILI-MT: identifying drug-induced liver injury compounds with a multi-head Transformer.
Peer] Comput. Sci. 11:e2973 DOI 10.7717/peerj-cs.2973


http://dx.doi.org/10.7717/peerj-cs.2973
mailto:lfbjxgz@�126.�com
https://peerj.com/academic-boards/editors/
https://peerj.com/academic-boards/editors/
http://dx.doi.org/10.7717/peerj-cs.2973
http://www.creativecommons.org/licenses/by/4.0/
http://www.creativecommons.org/licenses/by/4.0/
https://peerj.com/computer-science/

PeerJ Computer Science

pharmaceutical development (Thompson, 2001; Nicholson ¢ Wilson, 2003; Park et al.,
2011; He et al., 2024). Today, modern prevention strategies employ advanced screening
methods supported by artificial intelligence and machine learning to predict potential liver
toxicity of drug compounds (Nguyen-Vo et al., 2020; Lee ¢ Yoo, 2024). However, some
forms of DILI only become apparent after widespread use, leading to drug withdrawals
even after market approval (Regev, 2014; Andrade et al., 2019). Treatment focuses on
immediate discontinuation of the suspected drug and supportive care (Andrade et al,
2019). While mild cases often resolve within months, severe cases may require intensive
intervention or liver transplantation (Neuberger, 2016). Computational biologists continue
to focus on developing better screening method for early detection and identifying drug
candidates that may cause risks of DILI to improve both safety and efficiency in drug
discovery (Chen et al., 2014; Blomme & Will, 2015; Weaver et al., 2019).

Related work

Traditional approaches for screening DILI compounds had been mainly relied heavily on
experimental animal testing. However, these methods face significant limitations,
including high budget, time-consuming, and skilled experimenters. Fraser, Bruckner ¢
Dordick (2018) highlighted that animal models not only require substantial time and
resources but also frequently fail to accurately translate to human outcomes due to
species-specific differences in drug metabolism. This translation gap was fairly discussed in
a comprehensive analysis by Shanks, Greek & Greek (2009). Their findings revealed that
over 40% of drug toxicities observed in humans were found during animal studies, raising
serious concerns about reliance on these models alone. While in vitro methods may offer
alternative approaches, they struggle to replicate the complex interactions between
different cell types and metabolic pathways that characterize human liver function (Funk
¢ Roth, 2016; Atienzar & Nicolas, 2018; Mirahmad et al., 2022). To partially address these
limitations, researchers have gradually designed more computational method for early
identification of DILI compounds. Ekins, Williams ¢ Xu (2010) employed Bayesian
modeling and chemical fingerprints for early-stage DILI drug screening. However, their
study was limited by modest performance metrics and a relatively small training dataset
that inadequately captured DILI patterns. Their approach failed to fully address the
complex biological mechanisms underlying liver injury, relying instead on a ligand-based
methodology that oversimplified these pathways. Additionally, their work was constrained
by dataset quality issues, limited diversity, and inherent class imbalance problems.
Subsequent studies by Zhang et al. (2016) and Ai et al. (2018) expanded the algorithmic
toolkit to include more sophisticated methods like random forests (RF), support vector
machines (SVM), and gradient boosting (GB) techniques. Zhang et al. (2016) developed
computational models to predict DILI compounds using substructural patterns on a
dataset of 1,317 compounds. They found that the SVM model based on FP4 fingerprints
had produced the most accurate model, achieving 75% accuracy on external validation.
Their findings also identified six key molecular substructures associated with liver toxicity,
including tertiary mixed amines, alkylthiols, and arylfluorides, which can serve as
structural alerts during drug development. However, their study was limited by dataset
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issues like class imbalance and annotation inconsistencies, while their chemical
fragment-based approach oversimplifies DILI’s complex biology, neglecting critical factors
such as metabolic activation and genetic susceptibility. The model provides limited
biological insights and lacks integration with pharmacokinetic data or biological pathways,
making it less comprehensive than modern multi-data ensemble approaches. Ai et al.
(2018) introduced an advanced computational approach for predicting DILI compounds
by combining multiple machine learning algorithms with diverse molecular fingerprints.
Their ensemble model, which integrated the five best-performing base classifiers, achieved
an accuracy of 71.1% during cross-validation and impressively improved to 84.3% when
tested on external compounds. Their model was proved to outperform previous
computational methods in both accuracy and sensitivity, making it valuable early
compound screening platform with a web server provided. Ai et al’s (2018) model suffers
from limited dataset representation, simple molecular fingerprints, poor specificity, and
lack of interpretability due to its “black box” ensemble approach. These limitations
compromise the model’s reliability for drug development applications and highlight the
need for more comprehensive data integration and transparent prediction methods.
DeepDILI, proposed by Li et al. (2020), identifies drug-induced liver injury by combining
conventional machine learning algorithms with deep neural networks to create a
model-level representation approach. The researchers implemented a temporal validation
strategy, training their model on drugs approved before 1997 to test its ability to predict
liver toxicity in newer compounds—a more realistic scenario for drug development
workflows. Their analysis identified important molecular features associated with
hepatotoxicity that could serve as structural alerts for further drug development. While
achieving promising accuracy of up to 80.7%, the model faces several critical limitations:
insufficient dataset diversity potentially causing bias, reduced generalizability to novel drug
chemotypes not represented in the training data, and challenges with interpretability
despite the hybrid approach attempting to balance predictive power with mechanistic
insights. Most recently, Lee ¢ Yoo (2024) introduced InterDILI, an interpretable machine
learning approach for drug-induced liver injury prediction. The model enhances
interpretability by integrating permutation feature importance analysis with attention
mechanisms, addressing a critical need in computational toxicology. Evaluated across five
public datasets, InterDILI demonstrated robust performance with area under the receiver
operating characteristic curve (AUROC) values of 0.88-0.97 and area under the
precision-recall curve (AUPRC) values of 0.81-0.95. These strong results enabled valuable
contributions to early drug development by facilitating proactive identification of
potentially hepatotoxic compounds and highlighting specific molecular substructures that
could be modified to reduce DILI risk. Despite these achievements, the InterDILI model
has several limitations. Its reliance on the DILIrank dataset introduces potential
representation biases due to insufficient diversity and completeness in capturing the full
spectrum of liver-toxic compounds. Although the model enhances interpretability, its
mechanistic insights remain insufficient to fully elucidate the complex biological pathways
underlying DILI. The emphasis on overall accuracy metrics overshadows clinically crucial
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considerations of false positives and negatives, which directly impact drug development
decisions.

Motivations and objectives

Computational methods for DILI prediction face several significant challenges despite
their promising results. The complex underlying mechanisms of DILI involve intricate
molecular-biological pathway interactions that are difficult to model computationally.
Limited training data availability constrains deep learning applications, while conventional
machine learning approaches often fail to capture the subtle patterns associated with
hepatotoxicity. Problems in molecular representation, such as bit collisions in fingerprint
encoding, can obscure structural correlations critical to toxicity determination. These
limitations highlight the need for more sophisticated methodological approaches to
address this essential drug discovery challenge. Our research introduces iDILI-MT
(identifying drug-induced liver injury compounds with a multi-head Transformer), a
computational framework for DILI compound identification that employs multi-head
Transformer architecture. This approach enhances conventional deep learning models
through parallel self-attention mechanisms that process different levels of molecular
structure. The transformer’s multiple attention heads capture diverse biochemical
interaction patterns, addressing both local substructural features and global molecular
topologies simultaneously. We integrate molecular representations with positional
encodings to preserve structural information, enabling better differentiation between
structurally similar but functionally distinct compounds based on their higher-order
interactions. In our work, our major contributions are outlined as follows:

» We develop an efficient model based on transformer architecture to identify DILI
compounds.

» We combine two type of attentions: multi-head and channel-wise to enhance the
predictive power.

e Our model is developed using refined dataset of DILI compounds to improve model
generalizability.

DATA COLLECTION AND FEATURIZATION

In our study, we utilized a DILI dataset comprising 1,919 molecular compounds with a
slightly imbalanced class distribution (Table 1): 1,074 compounds (56%) categorized as
DILI-positive (Class 1) and 845 compounds (44%) as DILI-negative (Class 0). This dataset
was constructed by merging compounds from multiple sources, including Zhang et al.
(2016), Ai et al. (2018), Li et al. (2020), and Lee ¢ Yoo (2024). Duplicated samples were
then systematically removed to ensure data integrity.

For feature extraction, molecular structures were processed using RDKit to generate
Morgan fingerprints, circular topological fingerprints with 2,048 bits and a radius
parameter of 2, effectively capturing local molecular substructure information. The
featurization process converted simplified molecular input line entry system (SMILES)
string representations of compounds into these fingerprint embeddings for modeling. We
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Table 1 Numbers of samples in source of data.

Sources of data Number of samples
Zhang et al. (2016) 1,317
Ai et al. (2018) 1,527
Li et al. (2020) 1,002
Lee & Yoo (2024) 1,851
Ours (this study) 1,919

Table 2 Numbers of samples in each category of the used dataset.

Number of samples

Data DILI-positive (Class 1) DILI-negative (Class 0) Total
Training 870 684 1,554
Validation 97 76 173
Test 107 85 192
All data 1,074 845 1,919

randomly allocated approximately 90% of samples for model training (with a ratio of 90:10
for training and validation data), and reserved 10% for final performance evaluation
(Table 2). Finally, all data were converted to PyTorch tensors to facilitate efficient
computation and compatibility with the frameworks.

MODEL ARCHITECTURE

Multi-head self-attention

Multi-head self-attention is one of the most fundamental attention mechanism proposed
by Vaswani et al. (2017). The multi-head option allows parallel processing across different
representation subspaces. This mechanism extends traditional attention by computing h
separate attention operations simultaneously. For input X € R"*9, each attention head i
projects the input into distinct Query, Key, and Value spaces using learned parameters W2,
WI.K , and WiV, respectively. For each head, the learned information is expressed as:

Xowd (X o wk)"

Vi

These individual head outputs are then concatenated and projected via WO to form the

Head; = Softmax( > X o w)). (1)

final multi-head attention output, presented as:

Multi-head(X) = CONCAT(Head,, Head, ..., Head;) ©® W°. 2)

The multiple heads help users to flexibly adjust the model to attend to information from
different representational perspectives. While some heads can focus on local patterns,
others capture long-range dependencies or semantic relationships. The adjustable number
of head makes this model effectively adapt to various computing resources required. This
mechanism is demonstrated to significantly enhances the model learning capacity.
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Channel-wise attention

Channel-wise attention mechanism was first introduced in Squeeze-and-Excitation (SE)
networks (Hu, Shen ¢» Sun, 2018). This attention mechanism provides an efficient adaptive
feature recalibration during the learning process. Given an intermediate feature map

F € ROHXW with C channels of height H and width W, the channel-wise attention first
applies a squeeze operation that aggregates the spatial information into a channel
descriptor. This is typically implemented as global average pooling, producing a vector

z € R where each element z. is calculated as:

1 H W
Zc =

ZFc(i,j). (3)

H><W41]:1

1

The excitation operation then captures channel-wise dependencies through a simple
gating mechanism with learnable parameters. This is formulated as:

s=0a(W,® (W, ®2)), (4)

where 6 represents a non-linear activation function (commonly ReLU), ¢ denotes the
Sigmoid activation, W; € R™C and W, € RC*F are parameter matrices, and r is a
reduction ratio controlling the capacity of the bottleneck. The final output is produced by
rescaling the original feature map with the activated attention weights:

F.=s.®F.. (5)

This mechanism allows the network to selectively emphasize informative features while
suppressing less useful ones, effectively performing dynamic channel-wise feature
recalibration that enhances representational power with minimal computational cost
required. The output of the SE block is used as a residue added to the output of the main
branch.

Proposed model

Our proposed architecture (Fig. 1) begins with a feature expansion module that consists of
two fully connected (FC) layers. The first layer increases the dimensionality of the
128-dimensional input features to 256 dimensions, followed by Batch Normalization
(BatchNorm), a LeakyReLU activation function (with a slope of 0.01), and a dropout layer
(with a rate of 0.2). The same pattern is repeated in the second layer, preserving the
256-dimensional representation. This design effectively creates a robust pathway for deep
feature extraction and incorporates strong regularization techniques to reduce overfitting.
Then, a Transformer layer is introduced to process 32-dimensional embeddings by
utilizing self-attention through a multi-head attention mechanism, enabling the model to
selectively focus on relevant molecular substructures. The feed-forward network within the
Transformer expands the representation from 32 dimensions to 2,048 dimensions before
condensing it back to 32 dimensions. Layer normalization (LayerNorm) and dropout (with
a rate of 0.1) are applied throughout the Transformer block to stabilize training and
improve generalization. Following the Transformer block, the model employs a third
linear layer that expands the output from 32 dimensions to 128 dimensions, followed by
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Figure 1 Model architecture. Full-size Kal DOI: 10.7717/peerj-cs.2973/fig-1

BN, LeakyReLU activation, and dropout layers. The integration of a Squeeze-and-
Excitation Block (SEBlock) that implements channel-wise attention helps adaptively
recalibrate feature responses by explicitly modeling interdependencies between channels
through a bottleneck structure with Sigmoid activation. This block allows the network to
emphasize informative features. Our architecture also incorporates a residual connection
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through a dedicated linear layer using a skip connection to maintain gradient flow during
training. The final output layer reduces the 128-dimensional enhanced representation to a
single value, appropriate for binary classification tasks such as DILI prediction.

Model training

The model was trained using binary cross-entropy (BCE) loss for binary classification with
a stochastic gradient descent (SGD) optimizer with a learning rate of 0.001, a momentum
of 0.9, and a weight decay of 1e °. We installed a learning rate scheduler to automatically
reduce the learning rate when a monitored metric on the validation loss plateaus. The
training process ran for a maximum of 40 epochs with early stopping (patience = 5) to
prevent overfitting, using shuffled batches of 16 samples. Model performance was
ultimately evaluated on a test set to assess the DILI prediction task.

Computing resources

All modeling processes were completed on the PyTorch 2.0 framework using an NVIDIA
RTX 3090 GPU with 24 GB of VRAM. All data transformation and processing stages were
performed on a Windows 11 system characterized by an Intel Core i7-12700K Processor
(3.60 GHz base, 5.0 GHz turbo) and 32 GB of RAM.

Evaluation criteria

To evaluate the model performance, we used area under the curve-receiver operating
characteristic (AUC-ROC), area under the curve-precision-recall (AUC-PR), and F1
Score.

EXPERIMENTAL RESULTS

Table 3 presents a comparative analysis of our proposed deep learning architecture against
machine learning baselines, including RF, SVM, and logistic regression (LR).

Table 4 demonstrates the comparative effectiveness of our proposed architecture against
state-of-the-art graph neural network approaches specifically designed for molecular
representation learning.

To evaluate the robustness of our proposed model, we conducted five independent trials
with different random sampling seeds. Table 5 summarizes the performance metrics across
these experiments.

DISCUSSION

Benchmarking with machine learning models

The benchmarking results in Table 3 demonstrate that iDILI-MT substantially
outperforms conventional machine-learning classifiers across all evaluated metrics.
Specifically, iDILI-MT attains an AUC-ROC of 0.8686, representing a significant
improvement over the best-performing baseline, SVM (AUC-ROC = 0.7500). Similarly,
the AUC-PR increases from 0.7931 (SVM) to 0.8869 for iDILI-MT, indicating enhanced
capability in prioritizing true hepatotoxic compounds amid a predominance of non-toxic
examples. The F1 score of 0.8487 further confirms that iDILI-MT maintains a favorable
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Table 3 Performance of our model benchmarked against other machine learning models.

Method AUC-ROC AUC-PR F1 score
RF 0.7338 0.7894 0.7463
SVM 0.7500 0.7931 0.8571
LR 0.7346 0.7873 0.7518
Ours 0.8686 0.8869 0.8487

Table 4 Performance of our model benchmarked against other deep learning models.

Method AUC-ROC AUC-PR F1 score
molecularGNN 0.7342 0.8211 0.7705
MD-GNN 0.7202 0.7657 0.7721
Molgraph 0.8472 0.8886 0.7727
DMFPGA 0.8500 0.8617 0.7346
ResNet18DNN 0.5641 0.5792 0.7028
Ours 0.8686 0.8869 0.8487

Table 5 Performance variation of our proposed model across five independent trials.

Trial AUC-ROC AUC-PR F1 score
1 0.8567 0.9108 0.8033
2 0.8357 0.8835 0.7965
3 0.8696 0.9021 0.8448
4 0.8310 0.8690 0.7965
5 0.8563 0.8870 0.8452
Mean 0.8499 0.8905 0.8173
SD 0.0161 0.0164 0.0255

trade-off between precision and recall, surpassing random forest and logistic regression
models and matching the highest baseline performance.

These improvements can be ascribed to the hybrid architecture of iDILI-MT, which
integrates a multi-head Transformer encoder with a SE attention module. The
Transformer encoder enables the model to capture long-range dependencies within
sequential molecular representations, thereby discerning intricate patterns spanning distal
substructures. Concurrently, the SE module adaptively recalibrates channel-wise feature
importance, allowing the network to emphasize chemical attributes most predictive of
hepatotoxicity. Collectively, these mechanisms facilitate both global contextual
understanding and fine-grained feature discrimination. Accordingly, iDILI-MT not only
achieves superior predictive accuracy but also affords interpretable insights into the
substructural determinants of drug-induced liver injury, rendering it a valuable asset for
early safety assessment in drug discovery.
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Benchmarking with deep learning models

Table 4 compares the performance of iDILI-MT against several leading deep learning
architectures: molecularGNN (Wang, Li ¢ Farimani, 2022), MD-GNN (Chen et al., 2023),
Molgraph (Kensert, Desmet & Cabooter, 2024), DMFPGA (Wang et al., 2024), and
ResNet18DNN (Chen et al., 2021). iDILI-MT achieves an AUC-ROC of 0.8686, exceeding
both Molgraph (0.8472) and DMFPGA (0.8500). In the AUC-PR metric, iDILI-MT attains
0.8869, again outperforming DMFPGA (0.8617). The most substantial improvement is
observed in the F1 Score, where iDILI-MT reaches 0.8487.

Graph-based models exhibit larger performance gaps: molecularGNN records an
AUC-ROC of 0.7342, AUC-PR of 0.8211, and F1 Score of 0.7705, while MD-GNN
achieves 0.7202, 0.7657, and 0.7721 on the same metrics, respectively. ResNet18DNN
shows the lowest results, with an AUC-ROC of 0.5641, AUC-PR of 0.5792, and F1 Score of
0.7028.

These results demonstrate that the hybrid architecture of iDILI-MT, which integrates
multi-head self-attention with a squeeze-and-excitation module, more effectively captures
the complex structural and chemical patterns relevant to drug-induced liver injury than
traditional graph neural network approaches alone.

Performance stability across independent trials

Table 5 summarizes the performance of iDILI-MT over five independent trials with
different random seeds. The model attains a mean AUC-ROC of 0.8499 (SD = 0.0161), a
mean AUC-PR of 0.8905 (SD = 0.0164), and a mean F1 score of 0.8173 (SD = 0.0255).
These small standard deviations indicate that the model’s predictive performance is highly
stable across different random initializations.

The highest AUC-ROC (0.8696) and F1 score (0.8448) were observed in Trial 3, while
Trial 1 yielded the peak AUC-PR of 0.9108. Even in the lowest-performing trial (Trial 4),
iDILI-MT maintained a robust AUC-ROC of 0.8310 and AUC-PR of 0.8690. Overall, the
narrow range of variation across all metrics confirms that iDILI-MT delivers consistent
and reliable DILI predictions irrespective of random sampling.

Limitations and future work

Despite the strong performance of iDILI-MT, there are several key limitations to address.
First, the model currently relies solely on chemical structure inputs and does not integrate
orthogonal data sources, such as biological pathway annotations or drug-metabolizing
enzyme profiles, that are known to influence DILI risk. Second, although we observed
stable results on our held-out test set, external validation across diverse and novel chemical
scaffolds is necessary to confirm the model’s generalizability.

To overcome these gaps, future work could: (1) embed multi-head attention-based
recommendation mechanisms to propose safer compound alternatives in the context of
drug-target interactions, drawing inspiration from recent repurposing networks (Feng
et al., 2024); (2) leverage pretrained sequence embeddings from nucleotide language
models to capture richer substructural motifs (Li et al., 2024); (3) extend iDILI-MT into a
multi-view framework that fuses 1D SMILES, 2D graph representations, and predicted 3D
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conformers for more robust molecular encodings (Zhang et al., 2024); (4) incorporate
evolutionary-ensemble strategies to dynamically optimize attention head configurations
and network architectures (Nguyen et al., 2022); and (5) adopt a unified multimodal
contrastive learning scheme that aligns transformer-derived embeddings with
geometry-aware features to heighten sensitivity to stereochemical patterns linked to
hepatotoxicity (Nguyen et al., 2024). Together, these enhancements will move iDILI-MT
toward a more comprehensive, biologically informed, and broadly applicable DILI
prediction platform.

CONCLUSION

We developed iDILI-MT, a novel computational framework for DILI prediction that
leveraged a hybrid architecture incorporating multi-head transformer and squeeze-and-
excitation mechanisms. Our model consistently outperformed traditional machine
learning methods and state-of-the-art graph neural networks. Through multiple
independent trials, we demonstrated remarkable model stability with minimal
performance variation across different random seeds. The multi-level attention
mechanisms effectively integrated both local and global molecular features, providing a
more comprehensive understanding of structure-toxicity relationships. This work
established a robust computational approach for early identification of hepatotoxic
compounds, addressing a critical challenge in pharmaceutical development and drug
safety evaluation.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

The study was supported by the Education and Scientific Research Project for
Middle-Aged and Young Teachers in Fujian Province (JAT220750) and Fujian Province
Natural Science Foundation (grant number: 2023J011900). The funders had no role in
study design, data collection and analysis, decision to publish, or preparation of the
manuscript.

Grant Disclosures

The following grant information was disclosed by the authors:

Education and Scientific Research Project for Middle-Aged and Young Teachers in Fujian
Province: JAT220750.

Fujian Province Natural Science Foundation: 2023J011900.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions

» Wanrong Zheng conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

Zheng and Lai (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.2973 11/14


http://dx.doi.org/10.7717/peerj-cs.2973
https://peerj.com/computer-science/

PeerJ Computer Science

» Fobao Lai conceived and designed the experiments, performed the experiments, analyzed
the data, performed the computation work, prepared figures and/or tables, authored or
reviewed drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:
The data and code used in the experiments are available in the Supplemental Files.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.2973#supplemental-information.

REFERENCES

Ai H, Chen W, Zhang L, Huang L, Yin Z, Hu H, Zhao Q, Zhao J, Liu H. 2018. Predicting
drug-induced liver injury using ensemble learning methods and molecular fingerprints.
Toxicological Sciences 165(1):100-107 DOI 10.1093/toxsci/kfy121.

Andrade RJ, Aithal GP, Bjornsson ES, Kaplowitz N, Kullak-Ublick GA, Larrey D, Karlsen TH.
2019. EASL clinical practice guidelines: drug-induced liver injury. Journal of Hepatology
70(6):1222-1261 DOI 10.1016/j.jhep.2019.02.014.

Atienzar FA, Blomme EA, Chen M, Hewitt P, Kenna JG, Labbe G, Moulin F, Pognan F, Roth
AB, Suter-Dick L, Ukairo O, Weaver RJ, Will Y, Dambach DM. 2016. Key challenges and
opportunities associated with the use of in vitro models to detect human DILI: integrated risk
assessment and mitigation plans. BioMed Research International 2016(20):1-20
DOI 10.1155/2016/9737920.

Atienzar FA, Nicolas J-M. 2018. Prediction of human liver toxicity using in vitro assays: limitations
and opportunities. New York: Springer, 125-150.

Barnhill MS, Real M, Lewis JH. 2018. Latest advances in diagnosing and predicting DILI: what was
new in 20172 Expert Review of Gastroenterology & Hepatology 12(10):1033-1043
DOI 10.1080/17474124.2018.1512854.

Bell L, Chalasani N. 2009. Epidemiology of idiosyncratic drug-induced liver injury. Seminars in
Liver Disease 29(04):337-347 DOI 10.1055/s-0029-1240002.

Bissell MD, Gores GJ, Laskin DL, Hoofnagle JH. 2001. Drug-induced liver injury: mechanisms
and test systems. Hepatology 33(4):1009-1013 DOI 10.1053/jhep.2001.23505.

Blomme EAG, Will Y. 2015. Toxicology strategies for drug discovery: present and future. Chemical
Research in Toxicology 29(4):473-504 DOI 10.1021/acs.chemrestox.5b00407.

Chen M, Bisgin H, Tong L, Hong H, Fang H, Borlak J, Tong W. 2014. Toward predictive models
for drug-induced liver injury in humans: are we there yet? Biomarkers in Medicine 8(2):201-213
DOI 10.2217/bmm.13.146.

Chen Z, Jiang Y, Zhang X, Zheng R, Qiu R, Sun Y, Zhao C, Shang H. 2021. ResNet18DNN:
prediction approach of drug-induced liver injury by deep neural network with ResNet18.
Briefings in Bioinformatics 23(1):bbab503 DOI 10.1093/bib/bbab503.

Chen S, Wulamu A, Zou Q, Zheng H, Wen L, Guo X, Chen H, Zhang T, Zhang Y. 2023.
MD-GNN: a mechanism-data-driven graph neural network for molecular properties prediction
and new material discovery. Journal of Molecular Graphics and Modelling 123(10):108506
DOI 10.1016/j.jmgm.2023.108506.

Zheng and Lai (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.2973 12/14


http://dx.doi.org/10.7717/peerj-cs.2973#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2973#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2973#supplemental-information
http://dx.doi.org/10.1093/toxsci/kfy121
http://dx.doi.org/10.1016/j.jhep.2019.02.014
http://dx.doi.org/10.1155/2016/9737920
http://dx.doi.org/10.1080/17474124.2018.1512854
http://dx.doi.org/10.1055/s-0029-1240002
http://dx.doi.org/10.1053/jhep.2001.23505
http://dx.doi.org/10.1021/acs.chemrestox.5b00407
http://dx.doi.org/10.2217/bmm.13.146
http://dx.doi.org/10.1093/bib/bbab503
http://dx.doi.org/10.1016/j.jmgm.2023.108506
http://dx.doi.org/10.7717/peerj-cs.2973
https://peerj.com/computer-science/

PeerJ Computer Science

Ekins S, Williams AJ, Xu JJ. 2010. A predictive ligand-based Bayesian model for human
drug-induced liver injury. Drug Metabolism and Disposition 38(12):2302-2308
DOI 10.1124/dmd.110.035113.

Feng X, Ma Z, Yu C, Xin R. 2024. MRNDR: multihead attention-based recommendation network
for drug repurposing. Journal of Chemical Information and Modeling 64(7):2654-2669
DOI 10.1021/acs.jcim.3c01726.

Fraser K, Bruckner DM, Dordick JS. 2018. Advancing predictive hepatotoxicity at the intersection
of experimental, in silico, and artificial intelligence technologies. Chemical Research in
Toxicology 31(6):412-430 DOI 10.1021/acs.chemrestox.8b00054.

Funk C, Roth A. 2016. Current limitations and future opportunities for prediction of DILI from in
vitro. Archives of Toxicology 91(1):131-142 DOI 10.1007/s00204-016-1874-9.

He J, Feng X, Liu Y, Wang Y, Ge C, Liu S, Jiang Y. 2024. Graveoline attenuates D-GalN/LPS-
induced acute liver injury via inhibition of JAK1/STATS3 signaling pathway. Biomedicine ¢
Pharmacotherapy 177(20):117163 DOI 10.1016/j.biopha.2024.117163.

Hu J, Shen L, Sun G. 2018. Squeeze-and-excitation networks. In: 2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE.

Kensert A, Desmet G, Cabooter D. 2024. MolGraph: a python package for the implementation of
molecular graphs and graph neural networks with tensorflow and keras. Journal of
Computer-Aided Molecular Design 39(1):1-11 DOI 10.1007/s10822-024-00578-w.

Lee S, Yoo S. 2024. InterDILI: interpretable prediction of drug-induced liver injury through
permutation feature importance and attention mechanism. Journal of Cheminformatics 16(1):1
DOI 10.1186/513321-023-00796-8.

Li T, Tong W, Roberts R, Liu Z, Thakkar S. 2020. DeepDILI: deep learning-powered
drug-induced liver injury prediction using model-level representation. Chemical Research in
Toxicology 34(2):550-565 DOI 10.1021/acs.chemrestox.0c00374.

Li C, Wang H, Wen Y, Yin R, Zeng X, Li K. 2024. GenoM7GNet: an efficient N7-
methylguanosine site prediction approach based on a nucleotide language model. IEEE/ACM
Transactions on Computational Biology and Bioinformatics 21(6):2258-2268
DOI 10.1101/2024.09.03.610976.

Lin J, Sahakian D, de Morais S, Xu ], Polzer R, Winter S. 2003. The role of absorption,
distribution, metabolism, excretion and toxicity in drug discovery. Current Topics in Medicinal
Chemistry 3(10):1125-1154 DOI 10.2174/1568026033452096.

Mirahmad M, Sabourian R, Mahdavi M, Larijani B, Safavi M. 2022. In vitrocell-based models of
drug-induced hepatotoxicity screening: progress and limitation. Drug Metabolism Reviews
54(2):161-193 DOI 10.1080/03602532.2022.2064487.

Neuberger J. 2016. An update on liver transplantation: a critical review. Journal of Autoimmunity
66(Suppl 1):51-59 DOI 10.1016/j.jaut.2015.08.021.

Nguyen LD, Nguyen QH, Trinh QH, Nguyen BP. 2024. From SMILES to enhanced molecular
property prediction: a unified multimodal framework with predicted 3D conformers and
contrastive learning techniques. Journal of Chemical Information and Modeling 64(24):9173-
9195 DOI 10.1021/acs.jcim.4c01240.

Nguyen L, Nguyen Vo T-H, Trinh QH, Nguyen BH, Nguyen-Hoang P-U, Le L, Nguyen BP.
2022. iANP-EC: identifying anticancer natural products using ensemble learning incorporated
with evolutionary computation. Journal of Chemical Information and Modeling 62(21):5080-
5089 DOI 10.1021/acs.jcim.1c00920.

Nguyen-Vo T-H, Nguyen L, Do N, Le PH, Nguyen T-N, Nguyen BP, Le L. 2020. Predicting
drug-induced liver injury using convolutional neural network and molecular

Zheng and Lai (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.2973 13/14


http://dx.doi.org/10.1124/dmd.110.035113
http://dx.doi.org/10.1021/acs.jcim.3c01726
http://dx.doi.org/10.1021/acs.chemrestox.8b00054
http://dx.doi.org/10.1007/s00204-016-1874-9
http://dx.doi.org/10.1016/j.biopha.2024.117163
http://dx.doi.org/10.1007/s10822-024-00578-w
http://dx.doi.org/10.1186/s13321-023-00796-8
http://dx.doi.org/10.1021/acs.chemrestox.0c00374
http://dx.doi.org/10.1101/2024.09.03.610976
http://dx.doi.org/10.2174/1568026033452096
http://dx.doi.org/10.1080/03602532.2022.2064487
http://dx.doi.org/10.1016/j.jaut.2015.08.021
http://dx.doi.org/10.1021/acs.jcim.4c01240
http://dx.doi.org/10.1021/acs.jcim.1c00920
http://dx.doi.org/10.7717/peerj-cs.2973
https://peerj.com/computer-science/

PeerJ Computer Science

fingerprint-embedded features. ACS Omega 5(39):25432-25439
DOI 10.1021/acsomega.0c03866.

Nicholson JK, Wilson ID. 2003. Understanding “global” systems biology: metabonomics and the
continuum of metabolism. Nature Reviews Drug Discovery 2(8):668-676 DOI 10.1038/nrd1157.

Park BK, Boobis A, Clarke S, Goldring CEP, Jones D, Kenna JG, Lambert C, Laverty HG,
Naisbitt DJ, Nelson S, Nicoll-Griffith DA, Obach RS, Routledge P, Smith DA, Tweedie DJ,
Vermeulen N, Williams DP, Wilson ID, Baillie TA. 2011. Managing the challenge of
chemically reactive metabolites in drug development. Nature Reviews Drug Discovery
10(4):292-306 DOI 10.1038/nrd3408.

Regev A. 2014. Drug-induced liver injury and drug development: industry perspective. Seminars in
Liver Disease 34(02):227-239 DOI 10.1055/s-0034-1375962.

Shanks N, Greek R, Greek J. 2009. Are animal models predictive for humans? Philosophy, Ethics,
and Humanities in Medicine 4(1):1-20 DOI 10.1186/1747-5341-4-2.

Suk KT, Kim DJ. 2012. Drug-induced liver injury: present and future. Clinical and Molecular
Hepatology 18(3):249 DOI 10.3350/cmh.2012.18.3.249.

Thompson TN. 2001. Optimization of metabolic stability as a goal of modern drug design.
Medicinal Research Reviews 21(5):412-449 DOI 10.1002/med.1017.

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I.
2017. Attention is all you need. In: Proceedings of the 31st International Conference on Neural
Information Processing Systems, NIPS’17. Red Hook, NY, USA: Curran Associates Inc,
6000-6010.

Wang Y, Li Z, Farimani AB. 2022. Graph neural networks for molecules. ArXiv preprint
DOI 10.48550/arXiv.2209.05582.

Wang J, Zhang L, Sun J, Yang X, Wu W, Chen W, Zhao Q. 2024. Predicting drug-induced liver
injury using graph attention mechanism and molecular fingerprints. Methods 221:18-26
DOI 10.1016/j.ymeth.2023.11.014.

Weaver RJ, Blomme EA, Chadwick AE, Copple IM, Gerets HHJ, Goldring CE, Guillouzo A,
Hewitt PG, Ingelman-Sundberg M, Jensen KG, Juhila S, Klingmiiller U, Labbe G, Liguori
MJ, Lovatt CA, Morgan P, Naisbitt DJ, Pieters RHH, Snoeys J, van de Water B, Williams DP,
Park BK. 2019. Managing the challenge of drug-induced liver injury: a roadmap for the
development and deployment of preclinical predictive models. Nature Reviews Drug Discovery
19(2):131-148 DOI 10.1038/s41573-019-0048-x.

Weber S, Gerbes AL. 2022. Challenges and future of drug-induced liver injury research—
laboratory tests. International Journal of Molecular Sciences 23(11):6049
DOI 10.3390/ijms23116049.

Zhang C, Cheng F, Li W, Liu G, Lee PW, Tang Y. 2016. In silico prediction of drug induced liver
toxicity using substructure pattern recognition method. Molecular Informatics 35(3-4):136-144
DOI 10.1002/minf.201500055.

Zhang R, Lin Y, Wu Y, Deng L, Zhang H, Liao M, Peng Y. 2024. MvMRL: a multi-view molecular
representation learning method for molecular property prediction. Briefings in Bioinformatics
25(4):bbae298 DOI 10.1093/bib/bbae298.

Zheng and Lai (2025), Peerd Comput. Sci., DOI 10.7717/peerj-cs.2973 1414


http://dx.doi.org/10.1021/acsomega.0c03866
http://dx.doi.org/10.1038/nrd1157
http://dx.doi.org/10.1038/nrd3408
http://dx.doi.org/10.1055/s-0034-1375962
http://dx.doi.org/10.1186/1747-5341-4-2
http://dx.doi.org/10.3350/cmh.2012.18.3.249
http://dx.doi.org/10.1002/med.1017
http://dx.doi.org/10.48550/arXiv.2209.05582
http://dx.doi.org/10.1016/j.ymeth.2023.11.014
http://dx.doi.org/10.1038/s41573-019-0048-x
http://dx.doi.org/10.3390/ijms23116049
http://dx.doi.org/10.1002/minf.201500055
http://dx.doi.org/10.1093/bib/bbae298
http://dx.doi.org/10.7717/peerj-cs.2973
https://peerj.com/computer-science/

	iDILI-MT: identifying drug-induced liver injury compounds with a multi-head Transformer
	Introduction
	Data collection and featurization
	Model architecture
	Experimental results
	Discussion
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


