
Park et al. Journal of Cheminformatics          (2025) 17:171  
https://doi.org/10.1186/s13321-025-01110-4

RESEARCH

Enhancing multi‑task in vivo toxicity 
prediction via integrated knowledge transfer 
of chemical knowledge and in vitro toxicity 
information
Minsu Park1, Yewon Shin2, Hyunho Kim1,3* and Hojung Nam1,2,4* 

Abstract 

The evaluation of potential drug toxicity is a crucial step in early drug development. in vivo toxicity assessment repre-
sents a key challenge that must be addressed before advancing to clinical trials. However, traditional in vivo experi-
ments primarily rely on animal models, raising concerns regarding cost, time efficiency, and ethical considerations. 
To address these challenges, various computational approaches have been developed to support in vivo toxicity 
evaluations, though these methods often demonstrate limited generalizability due to data scarcity. In this study, 
we propose MT-Tox, a knowledge transfer-based multi-task learning model specifically designed for in vivo toxicity 
prediction that overcomes data scarcity. Our model implements a sequential knowledge transfer strategy across three 
stages: general chemical knowledge pretraining, in vitro toxicological auxiliary training, and in vivo toxicity fine-
tuning. This hierarchical approach significantly improves model performance by systematically leveraging information 
from both chemical structure and toxicity data sources. MT-Tox outperforms baseline models across three in vivo tox-
icity endpoints: carcinogenicity, drug-induced liver injury (DILI), and genotoxicity. Through ablation studies and atten-
tion analyses, we demonstrate that each knowledge transfer technique makes meaningful contributions to the pre-
diction process. Finally, we demonstrate the real-world application of our model as a prediction tool for early-stage 
drug discovery through comprehensive DrugBank database screening.

Scientific contribution: We propose a knowledge transfer framework that integrates chemical and in vitro toxico-
logical information to enhance in vivo toxicity prediction in low-data regimes. Our model provides dual-level inter-
pretability across chemical and biological domains through attention mechanism. Moreover, we demonstrate our 
model’s applicability by screening the DrugBank database, simulating practical toxicity screening scenarios in drug 
development.
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Introduction
The failure of drug development is often caused by tox-
icity, making early-stage screening for potential toxic-
ity a critical step [1, 2]. Conventionally, drug toxicity is 
assessed through in vitro studies, which are subsequently 
followed by in vivo experiments on animal models before 
clinical trials. However, these methods have been noted 
for their limitations in terms of cost, time, and ethical 
concerns, particularly regarding in vivo assessments [3]. 
As the number of drug candidates continues to grow, 
there is an increasing need for a more efficient approach 
to reduce failures in in vivo toxicity assessments.

Therefore, various computational approaches have 
been studied using machine learning (ML) and deep 
learning (DL) methods to predict in  vivo toxicity [4–
9]. Although the growing interest in computational 
approaches has led to the accumulation of toxicity data, 
well-organized in  vivo toxicity datasets are still lim-
ited for effectively training ML and DL models. Thus, to 
ensure robust performance, it is important to design ML 
and DL models considering the data scarcity.

In such a low-data regime, leveraging auxiliary infor-
mation through transfer learning (TL) or multi-task 
learning (MTL) can be useful to improve model per-
formance [10, 11]. In particular, TL has been widely 
explored as a strategy to enhance the performance of 
downstream tasks by utilizing molecular structure-based 
pre-training [12–15]. However, several studies have sug-
gested that such structure-based pre-trained models may 
suffer from an objective gap with downstream tasks [16, 
17]. In contrast, MTL aims to improve the performance 
of several tasks by training them jointly in a unified 
framework [18]. Leveraging this property, recent toxicity 
prediction studies have attempted to incorporate toxic-
ity data from different levels, such as in vitro and in vivo 
toxicity [19, 20] or toxicity across multiple conditions 
[21–23] to enhance the performance on tasks with lim-
ited data. However, since MTL relies on the simultaneous 
training of all tasks to enable knowledge sharing, it lacks 
mechanisms for explicitly modeling task-specific knowl-
edge transfer, especially when training is imbalanced 
across tasks. When dealing with MTL of heterogene-
ous datasets that have different biological levels, such as 
in vitro and in vivo toxicity, this imbalance may amplify 
the instability of training, result in performance degrada-
tion on tasks.

To overcome these limitations, we proposed MT-Tox, 
a model that combines TL and MTL to enable in  vivo 
toxicity-specific knowledge transfer. To effectively guide 
in vivo toxicity prediction, MT-Tox utilizes both chemi-
cal and in vitro toxicity knowledge data with specifically 
designed strategies that align with the characteristics 
of each information (Fig.  1). The training procedure of 

MT-tox consists of three stages: (1) general chemical 
knowledge pre-training, (2) in  vitro toxicological auxil-
iary training, and (3) in vivo toxicity fine-tuning (Fig. 1A). 
In the general chemical knowledge pre-training stage, 
the model learns functional group representations from 
ChEMBL [24], one of the large-sized compound data-
bases to provide a pre-trained graph encoder. In the 
in  vitro toxicological auxiliary training stage, the model 
undergoes multi-task learning on 12 toxicity assays from 
the Tox21 dataset [25], allowing the model to acquire 
contextual information related to in vitro toxicity. Finally, 
during the in  vivo toxicity fine-tuning stage, the model 
incorporates pre-trained in  vitro toxicity context using 
a cross-attention mechanism to refine predictions for 
each in  vivo toxicity endpoint in a multi-task learning 
(Fig. 1B). This design is inspired by the concept of in vitro 
to in vivo extrapolation (IVIVE), which models the bio-
logical relationships between in vitro and in vivo toxicity 
to estimate the systematic process of in vivo toxicity [26]. 
As suggested by IVIVE approaches, our model selectively 
transfers useful in  vitro toxicity information to specific 
in vivo toxicity via the cross-attention mechanism, which 
is expected to improve the predictive performance of 
in vivo toxicity.

Materials and methods
Datasets
The datasets used in this study consist of two pre-train-
ing datasets: ChEMBL and Tox21, and a fine-tuning set 
with three types of in  vivo toxicity endpoints. First, the 
ChEMBL dataset, a large-scale collection of bioactive 
compound information, was utilized as a pre-training set 
to train general molecular structural knowledge. We used 
a version of the ChEMBL dataset processed by Guaca-
Mol [27], which is widely used as a pre-training bench-
mark. The Simplified Molecular Input Line Entry System 
(SMILES) strings in the dataset were standardized using 
the ’StandardizeSmiles’ function from RDKit [28]. Also, 
we also excluded inorganic compounds which do not 
have carbon atoms and those with molecular weights 
greater than 1,000 Da to focus on small-molecule drug 
prediction. After the pre-processing steps, the final pro-
cessed dataset contained a total of 1,578,896 compounds. 
Second, the Tox21 dataset contains diverse in vitro bio-
assay data related to toxicity. We selected this dataset to 
provide supplementary information about the in  vitro 
toxicity context of input query molecules for improving 
in vivo toxicity prediction performance. To this end, we 
collected bioactivity data from 12 assays corresponding 
to the Tox21 (2014) challenge from the National Center 
for Advancing Translational Sciences (NCATS) [25, 29]. 
The bioactivity for each compound was processed based 
on the ’ASSAY_OUTCOME’ field in the aggregated 
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readout profile of each assay in the dataset. Compounds 
having an ’Active’ label were assigned as positive, other 
compounds with ’Inactive’ were labeled negative. Cases 
with ’Inconclusive’ were removed. Subsequently, the 
same standardization and duplicate removal procedures 
were applied to the SMILES strings in this dataset. The 
final processed dataset consists of 8,029 compounds with 
12 assay endpoints. The detailed statistics for each assay 
are provided in Table 1.

Finally, to construct the fine-tuning dataset, we col-
lected three in  vivo toxicity endpoints from diverse 
sources [20, 30–35]. It consists of structurally diverse 
molecules with carcinogenicity, drug-induced liver injury 
(DILI), and genotoxicity outcomes. We applied additional 
rigorous pre-processing to SMILES and activity to ensure 
consistency across the diverse in  vivo data sources. The 
additional pre-processing procedure was developed 
based on the approaches described in previous studies 
[36, 37]. Specifically, the SMILES strings were standard-
ized using RDKit through normalization, reionization, 
principal fragment extraction, uncharging and charge 

Fig. 1  The research overview of the MT-Tox framework. (A) The general workflow of the MT-Tox framework. MT-Tox consists of 3 types of learning 
stages: General chemical knowledge pre-training, in vitro toxicological auxiliary training, and in vivo toxicity fine-tuning. (B) A detailed explanation 
for each stage is provided

Table 1  Data statistics for the Tox21 dataset

Assay ID Number of positives Number 
of 
negatives

NR-AhR 820 6103

NR-AR 280 6853

NR-AR-LBD 331 7310

SR-ARE 1036 4898

NR-aromatase 770 5782

NR-ATAD5 428 7138

NR-ER 453 6933

NR-ER-LBD 1413 5630

SR-HSE 442 6134

SR-MMP 1232 5170

SR-p53 489 6645

NR-PPAR 341 6569
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normalization, and removal of stereochemical configura-
tions. For principal fragment extraction, we adopted the 
parent compound extraction strategy from PubChem 
[38], defining the principal fragment as the substructure 
that accounts for more than 70% of the total atoms and 
contains at least one carbon atom. Afterward, duplicate 
compounds were removed using the first 14 characters 
of the InChIKey. Additional duplicate molecules were 
removed through tautomer standardization. For the 
duplicated compounds, only those demonstrating con-
sistent labels in more than two-thirds of instances were 
retained, while inconsistent entries were excluded. After 
SMILES standardization, we filtered out molecules hav-
ing less than four atoms to remove simple molecules such 
as CO2 or water. The final constructed dataset contains 
2,618 compounds. Additionally, to further evaluate the 
generalization performance of the model, we built an 
external test set from both independent sources and dis-
tinct sources within the fine-tuning set [31, 33, 39–41]. 
Compounds with SMILES strings overlapping with the 
fine-tuning set were removed from the external test sets 
to ensure a fair comparison. Table 2 summarizes the sta-
tistics of the final fine-tuning and external test sets.

Model architecture of MT‑Tox
Our model consists of three sequential stages: general 
chemical knowledge pre-training, in  vitro toxicological 
auxiliary training, and in vivo toxicity fine-tuning. Across 
all training steps, we used the identical graph neural net-
work (GNN)-based method with slight variations accord-
ing to the objectives of each stage.

Backbone model architecture
For the backbone architecture, we adopted the Bayes-
hERG architecture [42] to represent the graph struc-
ture of the compounds. This model consists of three 
main components: directed message-passing neural 
network (D-MPNN), global multi-head attentive pool-
ing (GMHAP), and a multi-layered perceptron (MLP) 
predictor. D-MPNN [43] is a type of GNN that updates 

node representations by passing messages along directed 
edges. Based on these updated node features, the 
GMHAP module aggregates node information into a sin-
gle graph embedding using a self-attention mechanism. 
Then, the final graph embedding from GMHAP is passed 
through an MLP predictor, which is composed of MLP 
with rectified linear unit (ReLU) activation functions, 
to calculate the prediction score. Further details on the 
backbone architecture are described in Sect.  1 of Addi-
tional file 1.

General chemical knowledge pre‑training model architecture
The general chemical knowledge pre-training step aims 
to learn the general structural features of compounds, 
enabling the model to achieve stable learning in subse-
quent stages. For this step, we employed the graph-level 
self-supervised task proposed in the study of Rong et al. 
[14]. The model architecture follows the same design as 
the backbone, consisting of D-MPNN, GMHAP, and an 
MLP predictor. Thus, the general chemical knowledge 
pre-training model gets the molecular graphs as input 
features and calculates the graph embeddings through 
D-MPNN and GMHAP. This graph embedding passed 
through an MLP predictor, which is composed of three-
layered MLP with ReLU activation functions and a drop-
out rate of 0.1. After calculating the logit values, the 
predictor calculates the 85 functional group probabilities 
with a sigmoid activation function.

In vitro toxicological auxiliary training model architecture
The in vitro toxicological auxiliary training step aims to 
learn bioactivity information from Tox21 assays that can 
potentially enhance in vivo toxicity prediction. As dem-
onstrated in prior studies [44, 45], sharing information 
across the Tox21 endpoints through multi-task learning 
could lead to more generalizable models compared to 
training separate single-task models. Thus, we adapted 
the backbone architecture to accommodate multi-
task learning. The D-MPNN module is shared across 
tasks, while the GMHAP and MLP predictor modules 
are designed to be task-specific. We made the GMHAP 
layer task-specific since different in  vitro assays may be 
sensitive to distinct molecular substructures. This multi-
task design allows the model to capture the task-specific 
compound variations. Finally, the task-specific graph 
embeddings from the GMHAP layer pass through each 
task-specific MLP predictor to predict the in  vitro tox-
icity. The predictor consists of two-layered MLP with 
ReLU activation functions and a dropout rate of 0.15. 
Since this model is used to transfer the graph embed-
dings to the subsequent in vivo toxicity prediction model, 
we employed a two-layered MLP predictor to maximize 
the information of the graph embeddings. Using the 

Table 2  Data statistics for the in vivo toxicity fine-tuning dataset

Data type Toxicity type Number of 
positives

Number 
of 
negatives

Fine-tuning set Carcinogenicity 511 517

DILI 781 597

Genotoxicity 286 675

External test set Carcinogenicity 114 113

DILI 15 17

Genotoxicity 11 18
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calculated logit values, the predictor predicts the toxic-
ity probabilities of 12 in vitro toxicity endpoints with the 
softmax activation function.

In vivo toxicity fine‑tuning model architecture
In the fine-tuning stage, the model leverages information 
learned from the previous two stages to perform multi-
task in vivo toxicity prediction. As shown in Table 2, the 
number of samples for each fine-tuning task is highly 
limited. Therefore, to improve performance through 
task-level knowledge sharing, we also adopted multi-task 
learning in the fine-tuning step. The model architecture 
at this stage extends the backbone architecture by incor-
porating a cross-attention module. This additional cross-
attention layer selectively integrates information from 
the Tox21 auxiliary trained model into the graph embed-
dings of the fine-tuning model. The detailed formulation 
is as follows:

Let gtvivo and Gvitro denote the graph embeddings for an 
in  vivo task t in the fine-tuning model and the set of 
graph embeddings obtained from the in vitro toxicologi-
cal auxiliary model, respectively. The graph embedding is 
defined as the output generated after the input graph 
passes through the D-MPNN and GMHAP modules. 
Then, the cross-attention mechanism computes attention 
by treating htvivo as query, and the Hvitro and Gvitro as key 
and value, respectively. To reduce the potential attention 
bias caused by numerical scale differences between 
embeddings, we applied layer normalization to each 
embedding before entering the attention layer. The 
htaggregate is then calculated through the cross-attention 
mechanism, this vector is finally added to the gtvivo to pro-
duce the final representation. Thus, the resulting embed-
ding htfinal selectively integrates the in  vivo toxicity 
information and relevant Tox21 assay embedding infor-
mation, allowing the model to capture the specific 

htvivo = LayerNorm
(

gtvivo
)

∈ R1×d
,

Hvitro = LayerNorm(Gvitro) ∈ R12×d
,

Qt = htvivoW
t
Q,K

t = HvitroW
t
K ,V

t = GvitroW
t
V ,

Attt = softmax

(

Qt(Kt)
T

√
d

)

,

htaggregate = Attt · V t ∈ R1×d
,

htfinal = ReLU
(

FFN
(

gtvivo + htaggregate

))

∈ R1×d

context for each in  vivo toxicity task. Finally, htfinal is 
passed through the MLP predictor which consists of 
three-layered MLP with a dropout rate of 0.1 and ReLU 
activation. After calculating logit values, the final toxicity 
probabilities of three in vivo toxicity endpoints are calcu-
lated with the softmax function.

Training scheme
In the general chemical knowledge pre-training step, the 
ChEMBL dataset is split into training and validation sets 
at a 9:1 ratio with a random split. For model training, 
the model is trained using MultiLabelSoftMarginLoss 
in PyTorch [46] as the loss function. The D-MPNN and 
GMHAP modules trained in this step are then utilized 
as pre-trained modules in later learning stages. After the 
pre-training step, we performed in  vitro toxicological 
auxiliary training. The dataset was split into training and 
validation sets at a 9:1 ratio with scaffold split. For train-
ing, we employed a weighted binary cross-entropy loss, 
where the weights were determined based on the ratio of 
positive and negative samples for each task. Finally, in the 
in  vivo toxicity fine-tuning step, we split datasets using 
two schemes; fivefold nested cross-validation and a scaf-
fold split with an 8:1:1 ratio for training, validation and 
test set for each task. For the loss function, we employed 
a weighted binary cross-entropy loss based on the ratio 
of positive and negative samples in each task. Further-
more, we applied an exponential moving average [47, 
48] of parameters to stabilize the training process. For 
the model parameters, the D-MPNN and GMHAP mod-
ules were initialized with the pre-trained weights from 
the general chemical knowledge pre-training step. Also, 
when incorporating the Tox21 auxiliary embeddings via 
cross-attention, the parameters of the Tox21 auxiliary 
model were frozen, so that only the parameters of the 
fine-tuning model are updated during training. For the 
details about the model implementation, the graph input 
feature and hyperparameters are described in Table S1-3 
in the Additional file 1.

Evaluation metrics
Since the general chemical knowledge pre-training task 
is multi-label classification, we used macro-f1, micro-f1, 
and coverage error as the evaluation metrics. The macro-
f1 metric is calculated by averaging the f1 score of each 
class and the micro-f1 metric is calculated by the entire 
prediction results. The coverage error is a metric that 
indicates how many ranked scores are needed to cover all 
true labels in multi-label classification. Therefore, as the 
coverage error is closer to the average number of labels, 
it implies that the model predicts accurately across all 
classes.
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We used the conventional binary classification metrics 
for in  vitro toxicological auxiliary training and in  vivo 
toxicity fine-tuning tasks for the performance evalua-
tion: balanced accuracy (BAC), area under the receiver 
operating characteristic curves (AUC), and area under 
the precision-recall curve (AUPR). Additionally, we used 
the sum of ranks for each evaluation metric to assess the 
overall performance across all tasks. The detailed formu-
las of evaluation metrics are explained in Sect. 3 of Addi-
tional file 1.

Results
Performance evaluation of general chemical knowledge 
and toxicological auxiliary training
The task used for general chemical knowledge pre-train-
ing is a multi-label classification task designed to pre-
dict whether the input chemical contains 85 functional 
groups. On average, there are 195,975 positive instances 
per functional group across the ChEMBL dataset, and 
each compound contains an average of 10.527 functional 
groups. The performance of the model on the validation 
set achieved a macro-f1 score of 0.963, a micro-f1 score 
of 0.999, and a coverage error of 10.534. This indicates 
that the pre-trained model has effectively learned molec-
ular structure information. The in vitro toxicological aux-
iliary training model is a multi-task prediction model for 
12 Tox21 endpoints, and its performance was compared 
with individual random forest (RF) models trained on 
extended connectivity fingerprints (ECFP) and ECFP 
with molecular descriptors calculated from RDKit for 
each assay. The average AUPR of the auxiliary training 
model used in this study is 0.338, while the RF model 
with ECFP achieved 0.306 and the RF model with ECFP 
combined with 195 RDKit-derived molecular descriptors 
achieved 0.320 (Figure S1 in the Additional file  1). This 
demonstrates that the auxiliary training model has suc-
cessfully learned the information contained in the Tox21 
dataset. Detailed performance comparisons for Tox21 
data are provided in Sect. 4 of Additional file 1.

Performance comparison with diverse knowledge transfer 
models
We conducted a prediction performance comparison 
with baseline models based on various knowledge trans-
fer methods, including TL and MTL. For TL baselines, 
the models selected for comparison include two repre-
sentative large-scale pre-trained models: ChemBERTa-2 
[49] and GraphMVP [13]. These models utilize diverse 
molecular representations and incorporate pre-training 
strategies based on structural information. We also com-
pared our model to two representative MTL models, spe-
cifically MTDNN-FP [19] and MGA [20]. MTDNN-FP is 
an ECFP-based deep learning model designed to improve 

clinical toxicity prediction by MTL of in  vitro, in  vivo, 
and clinical toxicity data. MGA is a multi-task graph 
attention-based model that simultaneously predicts 33 
various types of toxicity endpoints. Both models aim to 
enhance toxicity prediction performance across several 
biological levels in a unified framework through MTL. 
The key distinction of our model is its differential treat-
ment of in vitro and in vivo toxicity data, while baseline 
models use both data types simultaneously during train-
ing. For fair comparison, we retrained all baseline mod-
els with the same datasets used in our study. Specifically, 
in the MTL baseline models, we selected two training 
configurations using only multi-task learning of in  vivo 
data (in vivo), and using both in vivo and Tox21 data (in 
vitro + in vivo).

First, we compared the model performance across 
the entire dataset using fivefold nested cross-validation 
(Table S4 in Additional file 2). Among the baseline mod-
els, the three multi-task graph attention-based models 
including MGA (in vivo), MGA (in vitro + in vivo), MT-
Tox consistently achieved high predictive performance 
across all tasks. This demonstrates that our model archi-
tecture which is based on graph-based multi-task learn-
ing is effective for the in vivo toxicity prediction. Second, 
we compared model performance using a scaffold split 
to examine its generalization ability across molecular 
structure. As a result, MT-Tox achieved the best per-
formance in five out of nine metrics and ranked highest 
in the sum of ranks (Table 3 and Table S5 in Additional 
file 2). Among the baseline models, the TL based meth-
ods (GraphMVP, ChemBERTa-2) showed good perfor-
mance on genotoxicity. This highlights the importance 
of large-scale chemical knowledge-based pre-training in 
the low- data regime. However, while the ChemBERTa-2 
model achieved the second-best performance on the gen-
otoxicity prediction task, it showed weak performance on 
other tasks. This observation is consistent with previous 
reports that structure-based pre-trained models often fail 
to generalize across diverse downstream tasks [16, 17]. 
For the multi-task baseline models, it is noteworthy that 
models trained with in vivo data only generally achieved 
better performance than those trained with both in vivo 
and Tox21 data. This suggests that naively applying 
multi-task learning to datasets having different biologi-
cal levels may lead to negative transfer in specific tasks. 
In contrast, our model achieved robust performance 
across all tasks, suggesting that the sequential knowledge 
transfer strategy proposed in this study can offer more 
effective learning than simple multi-task learning of het-
erogeneous toxicity datasets.

We also compared prediction performance on the 
external test set in the same comparison setting (Table 4 
and Table  S6 in Additional file  2). MT-Tox achieved 
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more balanced performance than baseline models as it 
achieved the lowest sum of ranks in all metrics. Although 
the ChemBERTa-2 model achieved the best performance 
on the genotoxicity task, it showed relatively lower per-
formance on other tasks, resulting in the third-best 
ranking in the sum of ranks. To further investigate this 
discrepancy, we compared the confusion matrices of 
MT-Tox and ChemBERTa-2 (Table  S7 in Additional 
file 1). For the genotoxicity, the performance of MT-Tox 
was comparable when considering the data quantity 

and potential bias of the external dataset. Furthermore, 
considering the small size of the external test set, we 
conducted additional comparison with random and data-
driven baselines to demonstrate that the performance of 
our model was not obtained by chance (See Sect.  6 in 
Additional file  1). As a result, MT-Tox model achieved 
superior performance across all evaluation metrics com-
pared to the baseline models (Table S8 in the Additional 
file 2). Specifically, the MT-Tox model achieved both high 
average performance and low variance, it demonstrates 

Table 3  Performance comparison of MT-Tox with baseline models on the scaffold split test set

a : TL baseline model 1 (GraphMVP)
b : TL baseline model 2 (ChemBERTa-2)
c : MTL baseline model 1 (MTDNN-FP (in vivo))
d : MTL baseline model 2 (MTDNN-FP (in vitro + in vivo))
e : MTL baseline model 3 (MGA (in vivo))
f : MTL baseline model 4 (MGA (in vitro + in vivo))
ns : p ≥ 0.05 (one-sided Mann–Whitney U test between the 1st and 2nd best models)
* : 0.01 ≤ p < 0.05 (one-sided Mann–Whitney U test between the 1st and 2nd best models)

**: 0.001 ≤ p < 0.01 (one-sided Mann–Whitney U test between the 1st and 2nd best models)

Model Carcinogenicity DILI Genotoxicity

BAC AUPR AUC​ BAC AUPR AUC​ BAC AUPR AUC​

TL1a 0.608 ± 0.017ns 0.677 ± 0.027ns 0.674 ± 0.022** 0.543 ± 0.029 0.643 ± 0.031 0.589 ± 0.034 0.594 ± 0.017 0.514 ± 0.030 0.645 ± 0.028

TL2b 0.557 ± 0.021 0.625 ± 0.018 0.548 ± 0.020 0.508 ± 0.038 0.589 ± 0.042 0.514 ± 0.049 0.605 ± 0.021 0.544 ± 0.022 0.687 ± 0.014

MTL1c 0.561 ± 0.053 0.630 ± 0.040 0.614 ± 0.038 0.501 ± 0.023 0.649 ± 0.033 0.613 ± 0.021 0.545 ± 0.066 0.447 ± 0.065 0.670 ± 0.059

MTL2d 0.552 ± 0.051 0.642 ± 0.038 0.627 ± 0.037 0.540 ± 0.049 0.658 ± 0.036 0.610 ± 0.032 0.514 ± 0.049 0.404 ± 0.074 0.627 ± 0.076

MTL3e 0.566 ± 0.024 0.633 ± 0.037 0.627 ± 0.030 0.577 ± 0.032ns 0.648 ± 0.024 0.609 ± 0.026 0.631 ± 0.038 0.486 ± 0.033 0.686 ± 0.026

MTL4f 0.589 ± 0.029 0.632 ± 0.026 0.637 ± 0.026 0.576 ± 0.030 0.632 ± 0.027 0.600 ± 0.026 0.590 ± 0.041 0.469 ± 0.037 0.655 ± 0.028

MT-Tox 0.603 ± 0.052 0.658 ± 0.039 0.630 ± 0.035 0.571 ± 0.018 0.677 ± 0.027ns 0.613 ± 0.017ns 0.666 ± 0.024* 0.577 ± 0.037** 0.707 ± 0.017**

Table 4  Performance comparison of MT-Tox with baseline models on the external test set

a : TL baseline model 1 (GraphMVP)
b : TL baseline model 2 (ChemBERTA-2)
c : MTL baseline model 1 (MTDNN-FP (in vivo))
d : MTL baseline model 2 (MTDNN-FP (in vitro + in vivo))
e : MTL baseline model 3 (MGA (in vivo))
f : MTL baseline model 4 (MGA (in vitro + in vivo))
ns : 0.05 ≤ p (one-sided Mann–Whitney U test between the 1st and 2nd best models)
* : 0.01 ≤ p < 0.05 (one-sided Mann–Whitney U test between the 1st and 2nd best models)

**: 0.001 ≤ p < 0.01 (one-sided Mann–Whitney U test between the 1st and 2nd best models)

***: p < 0.001 (one-sided Mann–Whitney U test between the 1st and 2nd best models)

Model Carcinogenicity DILI Genotoxicity

BAC AUPR AUC​ BAC AUPR AUC​ BAC AUPR AUC​

TL1a 0.638 ± 0.018 0.739 ± 0.011 0.712 ± 0.025 0.522 ± 0.042 0.505 ± 0.028 0.541 ± 0.033 0.593 ± 0.040 0.553 ± 0.032 0.655 ± 0.049

TL2b 0.611 ± 0.011 0.734 ± 0.007 0.681 ± 0.013 0.532 ± 0.058 0.556 ± 0.085 0.537 ± 0.100 0.703 ± 0.019** 0.589 ± 0.018* 0.746 ± 0.017***

MTL1c 0.526 ± 0.012 0.582 ± 0.018 0.573 ± 0.018 0.494 ± 0.011 0.587 ± 0.023 0.524 ± 0.029 0.499 ± 0.012 0.337 ± 0.026 0.502 ± 0.027

MTL2d 0.511 ± 0.014 0.579 ± 0.026 0.554 ± 0.027 0.497 ± 0.023 0.587 ± 0.015 0.529 ± 0.020 0.492 ± 0.008 0.331 ± 0.019 0.496 ± 0.028

MTL3e 0.660 ± 0.015 0.729 ± 0.016 0.739 ± 0.013 0.596 ± 0.038 0.651 ± 0.048 0.676 ± 0.055 0.617 ± 0.031 0.547 ± 0.025 0.637 ± 0.032

MTL4f 0.647 ± 0.018 0.727 ± 0.014 0.733 ± 0.016 0.628 ± 0.037 0.675 ± 0.035ns 0.709 ± 0.032ns 0.640 ± 0.038 0.511 ± 0.040 0.635 ± 0.038

MT-Tox 0.662 ± 0.010ns 0.778 ± 0.017** 0.772 ± 0.014** 0.648 ± 0.040ns 0.662 ± 0.016 0.699 ± 0.024 0.654 ± 0.040 0.554 ± 0.024 0.669 ± 0.019
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stable and robust performance even under limited data 
conditions.

To ensure the generalizability of our model, we fur-
ther conducted a performance comparison with previ-
ously published large-scale ADMET multi-task models 
(Sect. 7 in the Additional file 1). Despite using a relatively 
smaller number of endpoints in multi-task learning, MT-
Tox achieved comparable performance on the external 
test set (Table S9 in the Additional file 2). Furthermore, 
because DILI has been extensively studied in previous 
research, we compared our model against recently pub-
lished study [37], DILIPredictor, which incorporates both 
DILI-related in  vitro assay data and pharmacokinetic 
information from an IVIVE perspective (See Table S10-
11 and Sect.  8 in Additional file  1). Despite our model 
is using only chemical structure and general in vitro tox-
icity assay data, it achieved substantially better perfor-
mance. This emphasizes the efficiency of our knowledge 
transfer approach. In conclusion, our MT-Tox model is 
robust and generalizable across in vivo toxicity endpoints 
compared to other knowledge transfer-based methods.

Quantitative assessment of individual knowledge transfer 
components in MT‑Tox
Our MT-Tox incorporates two types of knowledge trans-
fer to enhance in  vivo toxicity prediction. To quantify 
their impacts, we analyzed the individual contributions 
of each knowledge transfer component (Fig.  2). First, 
we conducted an ablation study to examine how each 
component affects overall model performance (Fig. 2A). 
For this analysis, we evaluated four model variants: (1) 
removal of general chemical knowledge pre-training 
(W/o ChEMBL P.T), (2) removal of in  vitro toxicologi-
cal auxiliary training (W/o Tox21 A.T), (3) removal of 
both components with multi-task learning (W/o Both 
(MTL)), and (4) removal of both components with single-
task learning for each endpoint (W/o Both (STL)). The 
results show that the full MT-Tox model consistently 
performs better than other variants across tasks, indicat-
ing that both types of knowledge transfer independently 
contribute to enhancing model performance. Specifi-
cally, the W/o ChEMBL P.T model exhibited a signifi-
cant drop in performance for genotoxicity and increased 
variance across tasks. This suggests that general chemi-
cal knowledge pre-training provides a better initializa-
tion for the molecular graph encoder. It enhances the 
stability of model learning even in tasks with limited 
data. However, in the case of DILI, we observed perfor-
mance increases when removing chemical knowledge 
pre-training (W/o ChEMBL P.T, W/o Both, W/o Both 
(STL)). This counterintuitive finding can be attributed to 
negative transfer, where the general chemical knowledge 
learned from ChEMBL introduces structural biases that 

are detrimental to DILI prediction. Unlike other toxicity 
endpoints that rely on direct structure–activity relation-
ships, DILI primarily results from complex metabolic 
and immune-mediated processes that are poorly corre-
lated with general chemical structural features [50, 51]. 
The pre-trained chemical representations, optimized for 
bioactivity prediction tasks, appear to encode irrelevant 
or misleading patterns for DILI, thereby interfering with 
the model’s ability to learn DILI-specific features from 
the limited training data. This suggests that for certain 
toxicity endpoints with weak structure–activity relation-
ships, domain-specific training without broad chemical 
pre-training may be more beneficial. For the case of W/o 
Tox21 A.T model which is a multi-task learning model 
using in vivo toxicity with chemical knowledge transfer, 
it showed a performance decrease across all tasks com-
pared to MT-Tox, meaning that the auxiliary informa-
tion from Tox21 contributes positively to the prediction 
performance for each task. Finally, the W/o Both (MTL) 
model, which indicates naive multi-task learning with-
out both knowledge transfer components, performed 
consistently better than the W/o Both (STL). This find-
ing provides support for the validity of our model using 
multi-task learning in the context of in  vivo toxicity 
prediction.

We conducted an additional analysis to further inves-
tigate how knowledge transfer influences the model 
prediction. Since the in  vitro toxicity knowledge trans-
fer occurs at the graph embedding level, we analyzed 
how the embedding space varies across tasks depending 
on the presence of auxiliary information (Fig.  2B). As a 
result, the W/o Tox21 A.T model exhibits entangled dis-
tribution of embeddings across the three tasks, while the 
MT-Tox model demonstrates clearly separated embed-
ding spaces for each task. This indicates that the infor-
mation from Tox21 is effectively incorporated into the 
graph representation, specifically for the downstream 
tasks. Therefore, the injection of Tox21 information plays 
a crucial role in distinct toxicity representations, thereby 
reducing task confusion and improving overall perfor-
mance in multi-task learning.

Dual‑level interpretability through attention mechanisms 
revealing toxicological relevance
Our MT-Tox incorporates two types of attention mod-
ules, namely GMHAP and cross-attention modules. In 
this section, we demonstrated how each attention mod-
ule can be applied to support the interpretation of the 
model prediction (Fig. 3).

First, the GMHAP module provides interpretabil-
ity into the model prediction by revealing which atoms 
receive higher attention during the graph embedding 
process. Given that the MT-Tox model incorporates 
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a pre-training task focused on identifying functional 
groups in the molecule, we hypothesized that the model 
would show higher attention to the substructural infor-
mation during inference. To validate this hypothesis, we 
analyzed the attention value distributions for true posi-
tive compounds in the carcinogenicity prediction task 
(Fig.  3A). The results revealed that the MT-Tox model 
achieved higher attention variance in most attention 
heads compared to the W/o ChEMBL P.T model. This 
implies that the MT-Tox model is more focused on spe-
cific atoms within the molecule. This behavior can be 
interpreted as a result of the general chemical knowledge 
pre-training task, which involves predicting functional 

groups in the molecules. Furthermore, to examine 
whether the focused atom attention regions correspond 
to functional groups, we visualized the attention values 
on actual molecular structures in the carcinogenicity task 
(Fig. 3B). As a result, the W/o ChEMBL P.T model exhib-
its uniformly distributed attention across the molecule, 
whereas the MT-Tox model shows a focused attention 
pattern on specific functional groups. For example, head 
7 has strong attention to nitrogen atoms such as nitroso 
and azobenzene substructures and head 8 focuses on 
benzene rings. These functional groups have been pre-
viously identified as structural alerts for carcinogenic-
ity [52]. Consequently, these results imply that general 

Fig. 2  Analysis of contributions of knowledge components. (A) Ablation studies of MT-Tox by removing general chemical knowledge and in vitro 
toxicological information. (B) 2D t-SNE plots of graph embeddings on MT-Tox and W/o Tox21 A.T models. The t-SNE components were calculated 
by using the whole compounds in the fine-tuning set
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chemical knowledge pre-training enables the GMHAP 
module to respond sensitively to functional group level 
features across attention heads. This enhances the mod-
el’s interpretability about the molecular structure in the 
context of in vivo toxicity prediction.

The second aspect of interpretability comes from the 
cross-attention module, enabling identification of which 
Tox21 features are primarily utilized in each in vivo toxic-
ity prediction. We visualized a heatmap with the average 

attention values computed from true positive samples 
for each task (Fig. 3C). The results show that each in vivo 
task selectively attends to different Tox21 assays, indicat-
ing task-specific utilization of in  vitro toxicity informa-
tion. For instance, the model focused on NR-AR-LBD 
for carcinogenicity, NR-AhR and SR-MMP for DILI, 
and SR-p53 for genotoxicity. These targets are known to 
be associated with corresponding toxicity [53–56]. This 
observation suggests that each in vivo toxicity selectively 

Fig. 3  Visualization of model interpretability analysis results. (A) Box plot illustrates the distribution of atom-level attention variances 
across attention heads in the GMHAP module for MT-Tox (skyblue) and W/o ChEMBL P.T. (orange) (B) Attention visualization examples of true 
positive molecules for carcinogenicity task in attention heads 7 and 8. The intensity of the red color indicates the magnitude of the attention value. 
The darker red color represents the higher attention value of the corresponding atom (C) The heatmap shows the average attention scores of Tox21 
endpoints from the cross-attention modules with the true positive compounds for each in vivo toxicity
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attends to specific Tox21 assays, potentially reflecting 
their underlying biological relevance. In conclusion, the 
cross-attention mechanism not only enhances model 
performance, but also provides interpretability by reveal-
ing which auxiliary information is utilized in the predic-
tion process.

Validation as a drug development tool through toxicity 
screening
To prove the applicability of the proposed model, we 
performed in  vivo toxicity predictions on compounds 
collected from the DrugBank [57] database (Fig.  4). To 
conduct this experiment, we employed the MT-Tox 
model to predict the in  vivo toxicities across five drug 
categories in DrugBank: nutraceutical, approved, investi-
gational, withdrawn, and experimental (Fig. 4A).

First, we compared the predicted scores among four 
groups (nutraceutical, approved, investigational, and 
withdrawn) to analyze the inter-group differences 
(Fig.  4B). The predicted scores were consistently lowest 
for nutraceuticals across all types of toxicity, and gener-
ally increased in the order of approved, investigational, 
and withdrawn. This tendency aligns with the potential 
toxicity associated with the different stages of drug devel-
opment. For example, as nutraceuticals typically consist 
of dietary supplements or food additives that can be con-
sumed daily, they are expected to exhibit minimal toxic-
ity. Approved and investigational drugs are also expected 
to have a low risk of in  vivo toxicity since they have 
already passed preclinical stages. In contrast, withdrawn 
drugs are discontinued due to the safety issues or lack of 
commercial viability, and therefore, they may have higher 
predicted toxicity compared to others. Furthermore, the 
DILI prediction scores for investigational compounds 
were significantly higher than those for nutraceuticals 
and approved drugs (one-sided Mann–Whitney U test, 
p-value: 0.001). Since DILI labels are typically assigned 
during the clinical phase, investigational compounds that 
are still in clinical trials may show higher DILI scores 
than approved drugs. Taken together, these results dem-
onstrate that MT-Tox provides discriminative toxicity 
predictions across different DrugBank categories. This 
supports the reliability of MT-Tox as a predictive model 
for toxicity evaluation in drug development. Second, 
we performed a toxicity screening on compounds in 
the Experimental group from DrugBank (Fig.  4C). We 
selected this group for in vivo toxicity screening since it 
includes compounds being tested for target efficacy or at 
the preclinical stage. The prediction results showed that 
several compounds were highly predicted to be toxic in 
terms of DILI and genotoxicity. In addition, we exam-
ined structures of compounds predicted as positive. For 
this analysis, we manually selected compounds with 

prediction scores exceeding 0.8 for each toxicity end-
point (Fig. 4D-F). For the carcinogenicity case, the com-
pounds contained azobenzene or nitroso groups, which 
are well-known structural alerts for carcinogenic poten-
tial [43] (Fig. 4D). In particular, Ranimustine (DB13832) 
has been studied as a DNA alkylating agent and may be 
potentially related to carcinogenicity. In the case of DILI, 
compounds containing nitrobenzene moieties were com-
monly predicted to have high scores. This functional 
group has been reported to be associated with hepato-
toxicity [58] (Fig. 4E). Notably, Aranidipine (DB09229) is 
annotated in DrugBank with evidence of hepatocellular 
hypertrophy in repeated dose studies in rats and mice. 
Lastly, the compounds in genotoxicity were found to be 
predominantly nucleobase derivatives (Fig.  4F). These 
structures are commonly found in anticancer agents that 
target DNA, and may carry a risk of genomic damage. 
For instance, 8-azaguanine (DB01667) has antineoplastic 
effects but has also been reported to be associated with 
purine nucleotide biosynthesis [59].

Additionally, to further evaluate the toxicity screening 
capability of MT-Tox, we conducted a toxicity screening 
experiment on recently reported drugs having toxicity 
(see Sect. 9 in Additional File 1). For this experiment, 13 
drugs that reported as causing DILI between 2022 and 
2025 were collected and screened using our model. As 
shown in Table S12, the results show that MT-Tox cor-
rectly predicted nine out of the 13 compounds as toxic. 
Notably, three true positive compounds (zelnecirnon, 
ocaliva, orelabrutinib) were predicted as non-toxic by 
majority of baseline models trained on the same data-
set (Table S13). This result highlights the ability of our 
model to correctly recognize DILI-associated toxic struc-
tures. Summing up these results, our model captures 
structurally meaningful features associated with each 
toxicity type, supporting its applicability as a screening 
tool for structural filtering in the early-stage drug devel-
opment process.

Discussion
In vivo toxicity could be influenced by multiple fac-
tors such as molecular structure, host-specific genetic 
and biological conditions, protein-binding interactions, 
and systemic drug exposure levels. Therefore, accurate 
prediction of in  vivo toxicity requires the integration of 
diverse mechanistic information, such as in  vitro assay 
results and pharmacokinetic data. However, identifying 
combination of in vitro assays that reflect in vivo toxic-
ity mechanism is challenging, as the selection process of 
relevant assays is often biased and uncertain. This com-
plexity is exemplified by our observation of low toxic-
ity label correlation between overlapping compounds in 
the Tox21 and in vivo toxicity datasets (See Table S14 in 
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Fig. 4  Analysis results of real-world application to the DrugBank screening. (A) Workflow of the model prediction with the DrugBank dataset. (B) 
Box plot illustrates the distribution of the predicted in vivo toxicity scores for the four DrugBank groups. Compounds were randomly sampled 
for each group (n = 54) to match the number of compounds in the withdrawn category, which had the fewest number of compounds. The 
asterisks indicate the statistical significance results from the one-sided Mann–Whitney U test. (C) Density of the predicted in vivo toxicity scores 
from the experimental group in the DrugBank. The heatmap shows the average attention scores of Tox21 endpoints from the cross-attention 
modules with the true positive compounds for each in vivo toxicity. (D-F) Visualization of the high-scored compounds based on the prediction 
scores for carcinogenicity, DILI, and genotoxicity. Each molecule is labeled with its DrugBank ID and the predicted scores for the corresponding task. 
The highlighted regions indicate the common functional groups in the high-scored compounds
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Additional file 2). In this context, the knowledge transfer 
framework of our model provides a clear advantage. By 
applying cross-attention for in vitro toxicological knowl-
edge transfer at the graph embedding level, it allows the 
model to identify useful signals even in noisy auxiliary 
data. Ablation studies and task attention analyses further 
confirmed that Tox21-derived information contributes 
meaningfully to the model performance of each in  vivo 
toxicity prediction.

Furthermore, the cross-attention mechanism in MT-
Tox provides flexibility for incorporating additional 
features. In MT-Tox architecture, the auxiliary informa-
tion is injected by the key–value in the cross-attention 
module. Therefore, integrating an auxiliary informa-
tion module pre-trained with the same backbone into 
the cross-attention mechanism allows model extension 
without any additional explicit changes to the fine-tun-
ing model. As a proof of concept, we conducted a case 
study applying MT-Tox to DILI prediction by incorpo-
rating pharmacokinetic properties (see Sect. 10 in Addi-
tional File 1). Specifically, we used Cmax total [37] and 
half-life [60] data as auxiliary inputs. The model perfor-
mances for pharmacokinetics and in vivo fine-tuning set 
are described in the Table S15-16 in the Additional file 1. 
As a result, we observed consistent performance gains 
across all evaluation metrics, that demonstrates not only 
the ease of incorporating auxiliary information, but also 
suggest that integrating in vivo–relevant features such as 
pharmacokinetics may further enhance the model’s pre-
dictive capability.

While we have discussed about the various advantages 
of our model, there is still room for improvement. First, 
despite incorporating various knowledge transfer strat-
egies to address the low-data regime, the model may 
still be vulnerable to a restricted applicability domain. 
This limitation could be mitigated by integrating out-of-
distribution handling techniques like Bayesian neural 
networks [61] or transductive algorithms [62]. Second, 
while we confirmed the effectiveness of our knowledge 
transfer scheme throughout the study, its contribution 
to DILI prediction was comparatively suboptimal. We 
found that this phenomenon is related to the complex-
ity of DILI, which manifests as a clinical side effect with 
multiple subtypes such as hepatitis, cirrhosis [63] and 
diverse mechanisms [64]. Employing additional in  vitro 
toxicity proxies and fine-grained in vivo phenotype mod-
eling could help build models with higher resolution and 
improved accuracy. Finally, the in  vitro auxiliary infor-
mation used in our study was limited to the 12 bioassays 
from the Tox21 challenge, which may be insufficient to 
reflect the diversity of in  vitro bioactivity information. 
We expect that incorporating data containing diverse 
compound-gene/protein level information such as the 

Comparative Toxicogenomics Database (CTD) [65] could 
enhance the resolution of in  vitro auxiliary information 
and lead to a more advanced model for in  vivo toxicity 
prediction. These improvements will further enhance 
the robustness and generalizability of the model in more 
complex scenarios.

Conclusion
In this study, we proposed a knowledge transfer frame-
work for improving in  vivo toxicity prediction named 
MT-Tox. MT-Tox utilizes two sequential knowledge 
transfer strategies: general chemical knowledge pre-
training and in  vitro toxicological information train-
ing. The performance comparison showed that MT-Tox 
achieved improved and more balanced performance 
across all tasks than other baseline models based on 
MTL and TL. Furthermore, in the knowledge transfer 
components and attention analyses, we confirmed that 
each component contributes to performance improve-
ment through different mechanisms. The general chemi-
cal knowledge transfer provides a stable starting point for 
model training by pre-training a GNN that understands 
the substructural information of molecules. Meanwhile, 
the in  vitro toxicological information transfer enhanced 
the graph representation specific to in  vivo toxicity by 
transferring the in vitro toxicity context through a cross-
attention mechanism. Finally, our analysis of the Drug-
Bank compounds prediction demonstrated the potential 
applicability of MT-Tox as a screening tool in real-world 
drug discovery settings. Through this analysis, we prior-
itized candidate compounds that may warrant further 
toxicological assessment and suggested potential struc-
tural features associated with specific toxicity risks.

In conclusion, our work demonstrated meaningful pro-
gress in in vivo toxicity prediction by leveraging diverse 
in  vitro data, while also offering interpretability for the 
prediction process. We expect that further utilization of 
MT-Tox may support toxicity screening and molecular 
optimization in the early drug discovery process.
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