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Abstract

Background Accurately predicting synergistic drug combinations is critical for complex disease therapy. However,
the vast search space of potential drug combinations poses significant challenges for identification through biologi-
cal experiments alone. Nowadays, deep learning is widely applied in this field. However, most methods overlook
the important role of protein—protein interaction networks formed by gene expression products and the pharmaco-
phore information of drugs in predicting drug synergy.

Results We propose MultiSyn, a multi-source information integration method for the accurate prediction of synergis-
tic drug combinations. Specifically, we design a semi-supervised learning framework using an attributed graph neural
network to integrate protein—protein interaction networks of gene expression products with multi-omics data, con-
structing initial cell line representations that incorporate multi-source information. Furthermore, we refine the initial
cell line representation by adaptively integrating it with normalized gene expression profiles, enabling the extraction
of cell line features that encapsulate global information. In addition, we decompose drugs into fragments contain-
ing pharmacophore information based on chemical reaction rules and construct a heterogeneous graph comprising
atomic and fragment nodes. To enhance the capture of molecular structural information, we introduce a heteroge-
neous graph transformer to learn multi-view representations of heterogeneous molecular graphs. Extensive experi-
ments show that MultiSyn outperforms several classical and state-of-the-art baselines in synergistic drug combination
prediction tasks.

Conclusions This study provides a powerful tool for inferring promising synergistic drug combinations. By leveraging
attention mechanisms and pharmacophore information, MultiSyn identifies key substructures that are critical for syn-
ergy. Further visualization and case studies validate its effectiveness in capturing biologically meaningful features

and identifying potential drug combinations.
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Background

Drug combination therapy enhances treatment efficacy
against complex diseases by leveraging agents with dis-
tinct mechanisms of action. Compared to monothera-
pies, such combinations can reduce toxicity and delay
the onset of drug resistance [1, 2]. Traditional discovery
methods primarily depend on clinical observations and
in vitro experiments; however, the exponential growth
in candidate drug pairs makes exhaustive experimental
validation infeasible. As a result, increasing attention has
been directed toward computational approaches for pre-
dicting drug synergy. Early computational strategies were
grounded in systems biology models, which integrate
prior biological knowledge to simulate protein interac-
tions and signaling pathways for guiding combination
strategies. For instance, Zhao et al. [3] proposed a model
that predicts effective drug combinations by analyzing
correlations between candidate and confirmed pairs. Yin
et al. [4] utilized three-node enzymatic motifs to charac-
terize synergistic and antagonistic interactions. However,
these methods often suffer from limited scalability due
to complex modeling assumptions and dependence on
incomplete biological networks.

To address these limitations, researchers have begun
exploring machine learning (ML) methods to automati-
cally learn drug properties and predict the synergistic
effects of various drug combinations, thereby reducing
the costs and time associated with drug trials. One of the
early ML-based drug synergistic combination classifica-
tion methods proposed a strategy that integrates molec-
ular and pharmacological data as side information and
performs drug combination prediction and classification
by maximizing the F1 score [3]. Iwata et al. developed a
more complex model using target proteins and ATC drug
codes to predict beneficial drug combinations [5]. SyDRa
[6] applied a random forest algorithm to identify syner-
gistic anticancer drug combinations based on three fea-
tures: drug-chemical structure, drug-target network, and
pharmacogenomics.

With the continuous advancement of ML technolo-
gies, deep learning (DL), a subfield of ML, has become
an essential tool for drug combination prediction due
to its ability to process complex data and automati-
cally extract high-level features. By leveraging deep
neural networks, DL can learn intricate patterns from

(See figure on next page.)
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raw data, demonstrating significant potential, particu-
larly with high-dimensional and large-scale datasets.
Early DL based drug synergy prediction models, such
as DeepSynergy [7], made predictions by integrating
molecular and genomic data. More recent DL methods
combine multiple drug and cell line features, including
gene expression, copy number variations, and drug tar-
gets, to enhance prediction accuracy [8—10]. Although
these methods have advanced the field, they mostly
focus on capturing complex information from a single
perspective, lacking a comprehensive consideration of
biological networks related to specific biological func-
tions and the pharmacophore structural features of
drugs. These limitations hinder current models from
fully capturing the underlying biological and chemi-
cal mechanisms of drug synergy. In other domains of
drug discovery, the integration of multi-omics data to
enhance predictive performance has been extensively
validated. For example, DeepDRA [11] is a DL frame-
work that integrates multi-omics profiles with drug
descriptors and molecular fingerprints to enhance drug
response prediction. This integration improves both
predictive accuracy and generalization across datasets.
HGTDR [12] builds a large-scale, heterogeneous bio-
medical knowledge graph and employs a heterogeneous
graph transformer to extract features, enabling flexible
input handling and comprehensive integration of infor-
mation from diverse biomedical entities.

In light of this, we propose a multi-source informa-
tion integration method, MultiSyn, as illustrated in Fig. 1,
which enhances the precise prediction of anticancer drug
combinations by comprehensively integrating biological
networks, multi-omics data, and drug structural features.
MultiSyn is designed to address two key limitations in
prior models: the underuse of pharmacophoric substruc-
tures—functional groups essential for drug activity—and
the features used to represent cell lines lack correspond-
ing biological network context. Specifically, we design a
semi-supervised attributed graph neural network that
employs graph attention network (GAT) to integrate cell
line-associated protein—protein interaction (PPI) net-
works and multi-omics data, obtaining more accurate
initial feature embeddings for cell lines. Furthermore,
we refined the final cell line features by combining these
initial representations with normalized gene expression

Fig. 1 The framework of the proposed MultiSyn model. a MultiSyn integrates PPl networks and cell line-related omics data using an attributed

GAT to construct initial cell line features containing multi-source information. b The initial multi-source cell line features are combined with gene
expression data to obtain the final cell line features, which are then connected with drug structural features containing pharmacophore information
for the final drug synergy prediction. c The improved heterogeneous graph transformer learns drug structural features containing pharmacophore

information
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data. Additionally, to capture chemical structural infor-
mation related to specific biological functions, we lever-
age domain-specific chemical knowledge to represent
each drug molecule as a heterogeneous graph consisting
of atomic nodes and fragment nodes that carry phar-
macophore information. An improved heterogeneous
graph transformer is then used to extract and process
the structural information of drugs. Finally, drug fea-
tures are combined with cell line representations and
fed into a predictor for accurate drug synergy prediction.
We evaluate the performance of MultiSyn by compar-
ing it with several classical and state-of-the-art methods
on benchmark datasets, demonstrating its superior pre-
dictive capability. Moreover, additional experiments are
conducted to assess the effectiveness of pharmacophore
substructure recognition and to explore the practical effi-
ciency of the model in identifying potential synergistic
drug combinations. The main contributions of this study
are as follows:

+ We propose MultiSyn, a multi-source information
fusion method for drug synergy prediction that inte-
grates multi-omics data, biological networks, and
drug molecular features containing pharmacophore
information to identify synergistic combinations.

+ We provide a fresh perspective for addressing the
problem of drug synergy prediction. The incorpora-
tion of heterogeneous molecular graphs containing
pharmacophore information enhances the interpret-
ability of predictions, particularly in elucidating phar-
macodynamic mechanisms.

+ Experimental results on benchmark datasets demon-
strate that the MultiSyn method outperforms exist-
ing approaches, and further case studies validate its
effectiveness in practical applications.

Related works

Multi-omics data-based methods

With the advancement of DL algorithms, an increas-
ing number of studies have begun to combine vari-
ous drug and cell line features, such as gene expression,
copy number variation, and drug targets, to enhance
drug synergy prediction. For example, one of the earli-
est DL models, DeepSynergy [7], predicts drug synergy
by integrating molecular and genomic data. However,
due to its architecture, DeepSynergy lacks interpretabil-
ity, making it difficult to assess the contribution of spe-
cific drug features to the prediction results. Zhang et al.
[8] have improved prediction accuracy by integrating
multi-omics data. Although these methods have made
progress in boosting prediction performance, they often
fail to incorporate drug structural information and the
complex biological networks between drugs, diseases,
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and proteins, which limits their accuracy. To address this
limitation, AuDNNsynergy [9] integrates drug structural
data with genomic data from The Cancer Genome Atlas
(TCGA) [13]. Although multi-omics data integration has
improved predictive accuracy, these methods still face
challenges in handling the heterogeneity of multi-omics
data and enhancing model interpretability.

Graph-based methods

With the successful application of graph neural networks
(GNNs) in biological networks and small molecule char-
acterization [14, 15], increasing attention has been given
to leveraging biological networks or graph-based models
to extract drug features for drug synergy prediction. For
instance, TranSynergy [16] employs restarted random
walks on the PPI network to extract drug features, while
integrating data such as a novel drug-target profile and
gene expression. DTSyn [17] uses a multi-head atten-
tion mechanism to capture interactions among chemical
substructures, gene-gene associations, and chemical-cell
line interactions. DeepDDS [18] proposes a framework
based on two types of GNNs—GATSs and graph convo-
lutional networks (GCNs)—to combine molecular struc-
ture features with gene expression profiles, performing
drug synergy prediction. DualSyn [19] combines graph
attention mechanisms with high-order relations and
global information modules to capture complex drug-
cell line interactions. SynergyGTN [20] leverages a graph
transformer network to capture hierarchical graph rep-
resentations of drug combinations while integrating PPI
network information to improve biological interpretabil-
ity. SDDSynergy [21] introduces an attention mechanism
to capture substructure-level interactions, highlighting
the significance of molecular substructures and identify-
ing the key drivers of drug synergy. These methods fur-
ther confirm the crucial role of biological networks and
molecular structural features in predicting synergistic
drug interactions.

Multimodal-based methods

Recently, multimodal learning frameworks have been
developed to capture a more comprehensive understand-
ing of drug synergy by combining diverse data sources,
such as drug molecular graphs, SMILES strings, and
cell line gene expression data. These frameworks often
use contrastive learning to map the features of different
modalities to a unified representation space, addressing
data sparsity and expanding drug combination datasets.
For example, Pisces [22] employs contrastive learning
to align the multimodal features of drugs and cell lines,
thereby improving both data representation and drug
combination prediction accuracy. Similarly, MMSyn
[23] introduces a multimodal framework that combines
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molecular graphs, molecular fingerprints, SMILES
strings, and cell line features to further boost prediction
accuracy. Deeptrasynergy [24] uses multimodal inputs,
including drug-target interaction, protein—protein
interaction, and cell-target interaction, and employs a
Transformer to predict drug combination synergy. While
these methods have led to significant improvements in
accuracy, they also come with increased computational
complexity.

Results

Experimental settings

Datasets

To ensure a fair comparison with state-of-the-art meth-
ods, we adopt the experimental design of DeepDDS [18]
and utilize its preprocessed O’Neil drug combination
dataset as the benchmark [25]. This dataset comprises 36
drugs and 31 cancer cell lines, forming a total of 12,415
triplets, each consisting of two drugs and one cancer cell
line. Similarly, we obtain gene expression data for the cell
lines from the Cancer Cell Line Encyclopedia (CCLE)
[26] and SMILES [27] sequences for the drugs from
DrugBank [28]. Furthermore, we refer to the PRODeep-
Syn approach [29] by collecting gene expression data
for cell lines from the ArrayExpress database [30], gene
mutation data from the COSMIC database [31], and PPI
data from the STRING database [32] to capture multi-
source information for cell lines.

Evaluation protocol and metrics

To benchmark the predictive performance of MultiSyn
against baselines, we performed 5-fold cross-validation
(CV) on the benchmark dataset. To further validate
the robust performance of MultiSyn, we adopted mul-
tiple leave-one-out strategies to assess its generaliza-
tion ability. In each setting, all samples associated with
a specific drug, drug pair, or tissue type were entirely
excluded from the training set, ensuring that the model
had no access to any related information during train-
ing. We evaluated performance using seven metrics: the
area under the receiver operating characteristic curve
(AUROC), the area under the precision-recall curve
(AUPR), accuracy (ACC), balanced accuracy (BACC),
precision (PREC), true positive rate (TPR), and Cohen’s
kappa (KAPPA). The definitions and formulas of these
metrics are provided in Additional file 1: Evaluation Indi-
cators and Calculation Formulas.

Baselines
To comprehensively evaluate the performance of Multi-
Syn, we compared it against a range of methods. These
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include six classical ML methods, namely SVM, Ada-
boost, XGBoost, Gradient Boosting Machine (GBM),
MLP, and Random Forest (RF), as well as seven state-of-
the-art DL approaches. Part of the performance results
for baseline models are directly referenced from the orig-
inal publication of DeepDDS [18], where these methods
were comprehensively evaluated on the O’Neil dataset
using a 5-fold cross-validation protocol. To ensure a fair,
reproducible, and consistent comparison with the lit-
erature, we adopted the same data preprocessing proce-
dures and evaluation settings as described in DeepDDS.
Additionally, for models without reported results in the
DeepDDS literature, we reproduced them under identi-
cal experimental conditions using the default param-
eters provided in its open-source code for comparison
(see Additional file 1: Implementation Details for fur-
ther information). A brief summary of the baseline DL
approaches is provided below:

+ DeepSynergy [7] is a DL model for predicting drug
combination synergy, integrating chemical and
genomic data through feature extraction using a mul-
tilayer perceptron.

+ TranSynergy [16] uses a self-attention mechanism to
process knowledge from cell line gene dependencies,
gene-gene interactions, and genome-wide drug-tar-
get interactions to predict synergistic drug combina-
tions.

+ GraphSynergy [33] integrates PPI networks and
graph convolutional networks to predict synergistic
drug combinations by capturing molecular interac-
tions and key contributing proteins.

+ DeepDDS [18] leverages graph neural networks and
attention mechanisms to analyze molecular struc-
tures and genomic data, enabling precise identifica-
tion of synergistic drug combinations by capturing
intricate interactions between drugs and cell lines.

+ DFENDDS ([34] combines a fine-tuned pretrained
language model with a dual feature fusion mecha-
nism that integrates drug and cell line features at
both the bit-wise and vector-wise levels to predict
synergistic drug combinations.

o AttenSyn [35] employs an attention-based deep
graph neural network, leveraging graph neural net-
works and attention pooling to extract molecular
features and interaction information between drug
pairs, ultimately predicting synergistic effects of anti-
cancer drug combinations.

+ MFSynDCP [36] extracts drug substructures through
graph aggregation and employs a multi-source fea-
ture interaction controller to predict synergistic
effects of drug combinations.
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Table 1 Performance comparison of various methods on benchmark dataset for drug synergy prediction

Methods AUROC AUPR ACC BACC PREC TPR KAPPA

ML SVM 0.58 £0.01 0.56 £0.02 0.54 £0.01 0.54 £0.01 0.54 £0.01 051+£0.12 0.08 £ 0.04
Adaboost 0.83 +0.01 0.83 £0.03 0.74 £0.01 0.74 £0.02 0.74£0.02 0.72 £ 0.01 048 £0.03
XGBoost 0.92 £0.01 0.92 £0.01 0.83 £0.01 0.83 £0.01 0.84 £0.01 0.84 £0.01 0.68 £ 0.01
GBM 0.85+0.02 0.85+0.01 0.76 £0.02 0.76 £0.02 0.77 £0.01 0.74 £0.01 0.53 £0.04
MLP 0.65 +0.02 0.63 £0.05 0.56 £ 0.06 0.56 + 0.05 0.54 + 0.04 053+£0.22 0.12+0.04
RF 0.86 £ 0.02 0.85+0.02 0.77 £0.01 0.77 £0.01 0.78 £0.02 0.74 £0.01 0.55+0.04

DL DeepSynergy 0.88 £0.01 0.87 £0.01 0.80 £ 0.01 0.80 +0.01 0.81+£0.01 0.75+£0.01 0.59 +£0.05
TranSynergy 0.90 £0.01 0.89£0.01 0.83 £0.01 0.83 £0.01 0.84 £0.01 0.80 £ 0.01 0.64 £0.01
GraphSynergy 091 +£0.01 0.90 £0.01 0.83 £ 0.01 0.83 £0.01 0.84 £0.01 0.80 £0.01 0.64 +0.01
DeepDDS* 0.93£0.01 0.93£0.01 0.85£0.07 0.85£0.07 0.85+0.07 0.85+0.07 0.71£0.21
DFFNDDS 0.93+0.01 0.92 £ 0.01 0.86 +0.01 086 £0.01 0.85+0.01 0.86 +0.03 0.72+0.03
AttenSyn 0.92 +0.01 091 +0.01 0.84 £0.01 0.84 £0.01 0.83+0.03 0.82 +0.03 0.67 £0.01
MFSynDCP 0.92 £0.01 0.92 £0.01 0.85+0.01 0.85+0.01 0.86 £0.01 0.86 £0.01 0.70 £0.01

MultiSyn 0.95 +0.01 0.94 +0.01 0.88 £0.01 0.88 +£0.01 0.87 £0.01 0.88 +0.01 0.75 +0.02

The entries in bold denote the best results of all methods and those in italic denote the second-best result

DeepDDS* displays the best results from DeepDDS-GAT and DeepDDS-GCN

Performance comparison on CV

We performed 5-fold CV by randomly partitioning the
dataset at the sample level, where each sample is rep-
resented as a triplet consisting of a pair of drugs and a
cancer cell line. Specifically, the dataset was divided into
five mutually exclusive folds, each comprising 20% of the
data. In each iteration, one part is used as the test set, and
the remaining four parts are used for training. This pro-
cess is repeated five times, with each part serving as the
test set once. The final performance is averaged across
all iterations to provide a more reliable evaluation of the
model.

Table 1 reports the comparative experimental results
under the same dataset partitioning setup, demonstrating
that MultiSyn performs excellently on all key evaluation
metrics. We observe that MultiSyn achieves an AUROC
of 0.95, with ACC and BACC reaching 0.88, demonstrat-
ing improvements across nearly all metrics when com-
pared to DeepDDS, which excels in AUROC and AUPR,
and DFFNDDS, which offers balanced performance.
Compared to the optimal ML method, XGBoost, Multi-
Syn shows significant improvements of 3.2% in AUROC
and 10.2% in KAPPA.

To rigorously assess the statistical significance of
MultiSyn’s performance improvements, we conducted
pairwise comparisons against a representative set of
baseline DL models, including DeepSynergy, DeepDDS,
AttenSyn, and MFSynDCP. To ensure a fair and sta-
tistically rigorous evaluation, we performed five inde-
pendent runs of five-fold cross-validation, each using a
distinct set of randomly generated fold indices. Within
each run, all models were evaluated using the same

Table 2 Paired t-test p-values comparing MultiSyn with baseline

models
Model  DeepSynergy DeepDDS AttenSyn MFSynDCP
p-value 214x1072 161 x107"* 611 x1071° 300 x 10~

fold assignments to ensure consistency. This setup
yielded 25 paired measurements per evaluation metric,
which were used to assess statistical significance. Prior
to hypothesis testing, we assessed the distribution of
paired performance differences using the Shapiro—Wilk
test and quantile—quantile (QQ) plots (see Additional
file 1: Fig. S1, both of which supported the assumption
of approximate normality and justified the use of par-
ametric testing. We then applied paired ¢-tests to the
results for key performance metrics, such as AUROC.
As summarized in Table 2, the superiority of MultiSyn
over all baseline models is statistically significant rather
than incidental. These results reflect that the MultiSyn
model achieves high accuracy and excels at identifying
true sample labels, even in the presence of data imbal-
ance, achieving superior predictive performance. Over-
all, the fair comparison of comprehensive performance
highlights MultiSyn’s great potential for accurately
identifying synergistic drug combinations.

Performance evaluation by leave-one-out validation

To further evaluate the model’s generalization abil-
ity in cold-start scenarios, we compared our method
with thirteen drug synergy approaches across three
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Fig. 2 Performance of various drug synergy prediction models under cold-start scenarios. Results are averaged over 5-fold cross-validation (n = 5),

and all available values are provided in Additional file 2

cold-start scenarios: (i) leave-drug-combination-out:
excludes specific drug combinations from the training
data and tests the model on those combinations, (ii)
leave-drug-out: excludes specific drugs from the train-
ing data and tests the model on those drugs, and (iii)
leave-tissue-out: excludes data from certain tissue types
and tests the model on those tissue types. As shown in
Fig. 2, MultiSyn consistently achieves the highest scores
across all tested cancer types, demonstrating its robust-
ness and superior generalization ability. These results
highlight the effectiveness of the MultiSyn framework
in capturing complex molecular interactions and its
adaptability to a wide range of cancer cell lines. Over-
all, these results validate the effectiveness of MultiSyn
in learning robust and transferable feature representa-
tions, outperforming both classical and state-of-the-art
methods in multiple cold-start scenarios.

Ablation study

To investigate the impact of the molecular graph fea-
ture extraction and cell line feature construction
modules on the overall performance of the model, we
considered the following variants of MultiSyn:

o MultiSyn-a: MultiSyn excludes features derived
from heterogeneous graphs and relies solely on the
commonly used molecular graph features contain-
ing atomic nodes.

o MultiSyn-g: The module that incorporates multi-
source information for constructing cell line fea-
tures (Cm) is removed, retaining only the gene
expression-based cell line feature module (Cy).

o MultiSyn-m: The module that derives cell line fea-
tures (Cg) from gene expression data is removed,
retaining only the multi-source cell line feature
module (Cyp).
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Table 3 Performance comparison of our proposed MultiSyn and its variants

Methods AUROC AUPR ACC BACC PREC TPR KAPPA

MultiSyn 0.95 0.94 0.88 0.88 0.87 0.88 0.75

MultiSyn-a 092 091 0.84 0.84 0.82 0.83 0.69

MultiSyn-g 093 0.92 0.85 0.85 0.83 0.84 0.70

MultiSyn-m 0.93 0.92 0.85 0.85 0.83 0.85 0.71

Table 4 Performance comparison on independent dataset

Methods AUROC AUPR ACC BACC PREC TPR KAPPA

ML SVM 047 +0.11 0.71+0.13 054+013 047 +0.15 0.70+0.13 0.63+0.11 —-0.04+0.15
Adaboost 049 +0.09 069+0.14 046+0.17 047+£0.12 0.69+0.14 046 +0.15 -005+0.17
XGBoost 052+0.11 0.73+0.12 045+0.15 049 +0.11 0.71 +£0.09 038+0.17 -001+0.14
GBM 0.51+0.10 0.71 £0.09 045+0.12 047 +£0.08 0.69+0.14 043 +0.12 -003+0.14
MLP 053+0.13 0.74+0.12 053+0.15 053+0.15 0.74+0.13 053+0.13 0.05+0.11
RF 053+0.14 0.76 +0.16 050+0.14 054+0.13 0.75+0.14 049+0.14 0.06 +0.11

DL DeepSynergy 0.55+0.15 071+£013 047 £041 053+£0.13 0.75+0.14 039+0.17 0.04+0.15
GraphSynergy 061+0.12 0.80+0.11 053+0.11 0.55+0.07 0.76 £0.10 0.45+0.21 009+0.13
DeepDDS* 0.66+0.12 0.82+0.15 0.64 £0.15 0.62+0.13 080+0.11 067 +0.12 0.21+0.29
DFFNDDS 0.64+0.11 0.82 +0.06 0.66 +0.04 056+0.10 0.75+0.08 066+0.13 012+0.13
AttenSyn 0.65 + 0.04 0.82+0.03 0.65+0.09 0.61+0.04 0.79 £ 0.05 0.73+0.26 0.19+0.09
MFSynDCP 0.63 +0.02 0.81+£0.01 0.61+£0.15 0.55+0.03 0.78 £ 0.07 0.69 +0.34 0.11 +0.06

MultiSyn 0.67 £0.07 0.83 £0.05 0.67 £0.02 0.60 £ 0.03 0.80 +0.03 0.75 +0.04 0.20+0.08

The entries in bold denote the best results of all methods and those in italic denote the second-best result

DeepDDS* displays the best results from DeepDDS-GAT and DeepDDS-GCN

The comparison is based on a 5-fold CV test on the train-
ing dataset. The results are shown in Table 3. Among the
variants, MultiSyn-a achieved the worst performance,
indicating that incorporating molecular fragments con-
taining pharmacophores and reaction information con-
tributes to more reliable drug representations [37].
Such reliable representations are crucial for enhancing
the model’s ability to predict drug synergy. The variants
MultiSyn-m and MultiSyn-g, which alter the source of
cell line features, achieved similar results across most
metrics. This suggests that cell line features derived
from different sources can represent key characteristics
of cell lines to some extent. However, both MultiSyn-m
and MultiSyn-g showed decreased performance com-
pared to MultiSyn across all metrics, further demon-
strating that the single-source features in these variants
are complementary. Their integration is essential for
capturing more comprehensive and potentially syner-
gistic interactions between drugs. By embedding genes
within their functional and relational contexts, the inte-
gration of PPI networks offers a systems-level perspec-
tive that more comprehensively characterizes cell states
and gene functions. Overall, the design of all modules in
our model architecture focuses on capturing diverse and

representative key features from multiple sources, signifi-
cantly enhancing the accuracy and efficiency of synergis-
tic drug combination prediction.

Evaluation on independent dataset

To further assess the generalization capability of the
proposed MultiSyn model, we conducted experiments
on the independent AstraZeneca dataset [38], a widely
recognized benchmark in drug combination prediction.
This dataset comprises 668 unique drug pair—cell line
combinations, involving 52 drugs and 24 cancer cell lines.
Importantly, it differs substantially from the O’Neil data-
set used for training, both in drug composition and cell
line distribution. Some of the independent test results
were directly cited from the original DeepDDS paper,
while others were reproduced under the same data splits
and preprocessing settings as DeepDDS, using official
implementations and recommended hyperparameters
provided by the respective authors. We performed five
independent trials for our model, following the same pro-
tocol, to account for performance variance and support a
robust evaluation of generalization.
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As shown in Table 4, MultiSyn achieved the best over-
all performance across the majority of key metrics com-
pared to both classical ML and DL-based methods.
Compared to classical models such as XGBoost and
GBM, MultiSyn achieved more than a 25% improvement
in AUROC and over a 50% increase in TPR. Further-
more, relative to the best-performing DL baseline model,
DeepDDS, MultiSyn not only achieved a higher AUROC
but also outperformed it in AUPR, PREC, and TPR, dem-
onstrating superior capability in addressing class imbal-
ance and enhancing sensitivity to positive cases. Overall,
these results demonstrate that MultiSyn not only fits the
training data well but also generalizes effectively to novel
drug—cell line combinations, highlighting its practical
utility in drug discovery applications.

Parameter sensitivity analysis

To evaluate the impact of model parameters on the per-
formance of the drug synergy prediction model, we con-
ducted a parameter sensitivity analysis. Fig. 3 illustrates
the model’s performance under various parameter con-
figurations. We tested five different learning rates: le—2,
le-3, le—4, le—5, and le—6. The experimental results
show that when the learning rate is set to 1le—4, the per-
formance of MultiSyn is optimal, with an AUROC of
0.95. Other metrics also significantly improve compared
to the remaining learning rates. Performance fluctuates
at other learning rates, especially when the learning rate
is set to 1e—2 or 1le—6, where a notable decrease in model
performance is observed. These results indicate that a
moderate learning rate promotes stable convergence,
while both excessively low and high learning rates can
hinder effective model training. We also experimented
with seven different dropout rates ranging from 0.1 to
0.7, in intervals of 0.1. The results revealed that a dropout
rate of 0.3 achieved the best model performance. As the
dropout rate increased beyond 0.3, particularly at 0.5 and
0.7, a noticeable decline in performance was observed.

These findings suggest that a moderate dropout rate
helps mitigate overfitting and improves the model’s abil-
ity to generalize. In addition, we evaluated the impact of
varying the number of attention heads in message pass-
ing, testing values of 2, 4, 6, and 8. The optimal perfor-
mance was achieved with 4 attention heads, where the
model reached an AUROC of 0.948, AUPR of 0.943, and
accuracy of 0.876. Increasing the number of attention
heads to 8 resulted in a slight decrease in performance,
indicating that 4 attention heads are sufficient to cap-
ture the relevant features. Adding more heads beyond
this point may increase computational overhead without
offering significant performance gains. More parameter
analysis experimental results are shown in Additional
file 1: Fig. S2.

Representation visualization

To evaluate the representational capabilities of the model,
we performed dimensionality reduction visualization
on the feature representations before and after training
with the MultiSyn model, selecting DeepDDS model for
comparison. Specifically, we applied t-SNE (t-distributed
stochastic neighbor embedding) to visualize the high-
dimensional feature data of the A2780 and ZR751 cell
lines into a two-dimensional space. As shown in Fig. 4,
we compare the feature spaces learned by the proposed
MultiSyn model and the baseline DeepDDS model, high-
lighting the distinction between positive (synergistic)
and negative (non-synergistic) drug pairs. Before train-
ing, as illustrated in the left panels, both models exhib-
ited significant overlap between the positive (red) and
negative (blue) samples. This suggests that the boundary
between the two classes is difficult to distinguish in the
initial feature space, reflecting the inability of raw fea-
tures to effectively differentiate between synergistic and
non-synergistic drug combinations. After training, the
t-SNE visualization of the MultiSyn model reveals tighter
clustering within each category and clearer separation
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between positive and negative samples for both A2780
and ZR751 cell lines.

To further clarify this point, we computed three widely
used clustering metrics—Silhouette Score (Sil), Calin-
ski-Harabasz Index (CHI), and Davies—Bouldin Index
(DBI) on the t-SNE—projected embeddings of MultiSyn
and DeepDDS to quantitatively assess the quality of the
learned representations. We applied t-SNE with identi-
cal parameters and fixed random seeds to project all fea-
ture embeddings into a shared two-dimensional space,
ensuring a consistent basis for evaluation. Under this
setting, we focused on comparing the magnitude of per-
formance improvement from pre-training to post-train-
ing within both models, as well as the clustering indices
after training. After training, MultiSyn exhibited greater
improvements across all three metrics. For example,
on the A2780 cell line, MultiSyn’s Sil increased 15-fold,
from 0.005 to 0.085; its CHI rose from 0.095 to 21.714;
and its DBI decreased by over 90%, from 59.09 to 3.787,
indicating substantially enhanced cluster compactness
and separability. In comparison, DeepDDS exhibited a
more modest 3.5-fold increase in Sil, from 0.011 to 0.039,
and a reduction in DBI, from 18.923 to 4.737. In com-
parison, quantitative assessments revealed that while the
baseline DeepDDS model also showed improvements in
clustering and separation between classes after training,
the MultiSyn model exhibited more compact intra-class
clusters and sharper inter-class boundaries, indicating
superior performance. This suggests that the MultiSyn

model excels in learning feature representations that cap-
ture subtle interactions driving drug synergy, particularly
in challenging scenarios where the initial feature space
exhibits substantial overlap. Collectively, these results
demonstrate the effectiveness of the proposed MultiSyn
model in learning features that capture latent relation-
ships underlying drug synergy.

The effectiveness of identifying key substructures

The MultiSyn model incorporates pharmacophore-level
substructural information, which aids in identifying key
substructures. To validate this, we selected the A2780
and ZR751 cell lines and visualized four drug combina-
tions known to exhibit synergy, with synergy scores of 1
predicted by MultiSyn. During the drug feature extrac-
tion process, we employed a heterogeneous graph neural
network based on the Transformer architecture to obtain
rankings of fragment and atomic node attention scores
within the graph, and annotated the top-ranked frag-
ment and the top 30% of nodes. As shown in the Fig. 5,
many atomic nodes in the top 30% belong to the top 1
pharmacophore group. However, relying solely on the
interpretability of top atoms is not effective in identify-
ing specific and complete pharmacophore structures. In
contrast, MultiSyn, which incorporates pharmacophore-
level substructural information, can effectively identify
key and complete pharmacophore information, utilizing
these critical features for accurate synergy prediction. For
example, the substructures of GEMCITABINE that the
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Fig. 5 Visualization of key drug substructure features and pharmacophoric level information in A2780 and ZR751 cell lines using the MultiSyn

model

model focuses on include deoxyribose and the fluorine
group. The sugar backbone is essential for its binding to
DNA, where it disrupts DNA synthesis and induces cell
death. The fluorine substitution in the sugar structure
helps GEMCITABINE resist enzymatic degradation and
prolongs its activity within the cell, making it more effec-
tive in inhibiting DNA synthesis. The nitrogen-contain-
ing heterocycles in MK-8776 can interact with various
targets, such as kinases, and may be involved in inhibit-
ing checkpoint kinases (e.g., CHK1). This makes tumor
cells more sensitive to DNA-damaging agents like gem-
citabine, and the bromine atom (Br) may alter the drug’s
binding properties, potentially enhancing its interaction
with target proteins or DNA. Overall, the features of key
substructures contribute to more accurate predictions of
drug synergy, and the identification of key substructures
containing pharmacophores is also crucial for the devel-
opment of subsequent drugs and the discovery of lead
compounds.

Prediction of novel drug combinations
In further experiments, we utilized the MultiSyn model
to predict A2780 and ZR751 cell lines’ potential novel
drug combinations. To identify drug pairs that had not
been experimentally validated, we systematically paired
all drugs in the dataset while excluding combinations
already present in the original data. This ensured that our
predictions focused solely on previously untested drug
combinations. Based on the synergy prediction scores
generated by the model, we identified the top 10 drug
combinations with the highest synergy potential for the
A2780 and ZR751 cell lines. To further assess the valid-
ity of these predictions, we conducted a non-exhaustive
literature search to explore existing experimental evi-
dence supporting these combinations. Table 5 lists the
predicted drug combinations for the A2780 and ZR751
cell lines, along with relevant references where they have
been validated.

We found that among the top 10 predicted drug com-
binations for the A2780 and ZR751 cell lines, 6 and 5
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Table 5 Predicted novel synergistic combinations in the A2780 and ZR751 cancer cell lines
Top Cell Line: A2780 Cell Line: ZR751
Drug1 Drug2 PMID Drug1 Drug2 PMID
1 5-FU ABT-888 29770165 ERLOTINIB LAPATINIB 22431920
2 ZOLINZA MK-2206 28393191 ETOPOSIDE GEMCITABINE NA
3 DOXORUBICIN MK-2206 26698230,20571069 DEXAMETHASONE TOPOTECAN NA
4 BEZ-235 TOPOTECAN NA DOXORUBICIN ETOPOSIDE 1984826,8435802
5 MRK-003 SUNITINIB NA ETOPOSIDE TOPOTECAN 31383812
6 5-FU BEZ-235 29180117,27777878 ETOPOSIDE MK-8669 NA
7 ABT-888 MK-5108 24362082 DEXAMETHASONE ETOPOSIDE NA
8 DINACICLIB MK-2206 27663592,32311593 GEMCITABINE MK-2206 37521473
9 DEXAMETHASONE MK-8669 NA CYCLOPHOSPHAMIDE TOPOTECAN NA
10 L778123 MRK-003 NA DOXORUBICIN GEMCITABINE 12947059,10893285

pairs, respectively, were consistent with previous studies
or clinical trial observations. This includes the confirmed
synergistic effect between MK-2206 and DOXORU-
BICIN in ovarian cancer related to the A2780 cell line
[39, 40], where research demonstrated that MK-2206
enhanced growth inhibition induced by chemotherapy
drugs like DOXORUBICIN [41]. In the case of the ZR751
cell line related to breast cancer, studies showed that the
combination of DOXORUBICIN and GEMCITABINE
was highly effective in treating metastatic breast cancer
with good tolerance [42, 43]. When GEMCITABINE was
combined with DEXAMETHASONE, DEXAMETHA-
SONE enhanced the antitumor effect of GEMCITABINE
through the glucocorticoid receptor signaling pathway
[44]. Additionally, another study [45] found that this
combination exhibited synergistic effects in breast can-
cer, and in xenograft models of both ovarian and breast
cancer, the combination of DEXAMETHASONE and
GEMCITABINE effectively suppressed tumor growth
[46]. In addition to literature support, we found that
two pairs of the predicted combinations are mentioned
in ClinicalTrials.gov, ERLOTINIB with LAPATINIB
(NCT04591431) and DOXORUBICIN with GEMCIT-
ABINE (NCTO00128856, NCT00191789). This further
corroborates the potential clinical relevance of the drug
combinations predicted by our method.

Discussion

In this study, we present MultiSyn, a novel framework
that enhances the accuracy of synergistic drug combi-
nation prediction by integrating biological networks,
multi-omics data, and chemical structural information
associated with specific biological functions. Importantly,
this work addresses two critical limitations in most exist-
ing DL models for drug synergy prediction—the lack of
biological network context in modeling cell lines and

the underutilization of pharmacophoric features in drug
representation. Our framework captures comprehen-
sive cell line features by incorporating PPI networks and
multi-omics data. Additionally, it constructs heteroge-
neous molecular graphs incorporating pharmacophore
information through molecular decomposition, enabling
a more functionally meaningful representation of drug
structural information. Extensive comparative experi-
ments on benchmark datasets and specialized scenarios
demonstrate that MultiSyn provides more accurate and
robust drug combination predictions. Further experi-
mental analyses demonstrate the capability of MultiSyn
to identify key drug substructures essential for synergy,
offering new opportunities for medicinal chemists in
rational drug design. Additionally, the precise identifica-
tion of novel synergistic drug combinations aids clinical
professionals in obtaining more reliable candidate combi-
nation therapies.

Although evaluations across diverse datasets and
cold-start scenarios have demonstrated the feasibility of
MultiSyn for accurate prediction of synergistic drug com-
binations, the method still has certain limitations. First, the
scale and diversity of the datasets used are limited, which
may introduce sampling bias and restrict the model’s abil-
ity to generalize across broader chemical and biological
spaces. The relatively small sample size also raises concerns
regarding overfitting. Although we evaluated MultiSyn on
an independent dataset, the performance improvements
over existing DL models remain modest, suggesting that
its generalizability across broader domains is still limited.
Second, the focus on oncology-specific cell lines and treat-
ment contexts may constrain the model’s applicability to
other therapeutic domains, such as neurology or infectious
diseases, which involve distinct biological mechanisms and
regulatory networks. Finally, the current evaluation does
not include prospective clinical validation, which will be
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essential for confirming the robustness and translational
relevance of MultiSyn in real-world applications.

In future work, we plan to enrich the input space by
incorporating more diverse and fine-grained data modali-
ties—such as proteomics profiles, pathway activity scores,
and drug—target interaction networks—to better capture
the biological complexity underlying drug synergy. Fur-
thermore, we aim to enhance the chemical and cellular
diversity of our datasets by applying MultiSyn to larger-
scale drug combination resources that encompass a wider
range of compounds and cancer types. Finally, we will
explore architectural simplifications and training strate-
gies to improve computational efficiency while preserving
the representational capacity of our heterogeneous graph
encoder.

Conclusions

In summary, although MultiSyn still has room for
improvement, the experimental results confirm its effec-
tiveness. The proposed method further highlights the
potential of multi-source information integration and
underscores the importance of incorporating chemi-
cal structure features associated with specific biological
functions for drug synergy prediction.

Methods

Pipeline of MultiSyn

Figure 1 illustrates the multi-source information fusion
DL framework, MultiSyn, for predicting synergistic drug
combinations. Given a pair of drug combinations and a
cell line, we perform drug synergy prediction by extract-
ing multi-source features of the cell line, which integrate
biological network and omics data, alongside molecular
features containing pharmacophore structural informa-
tion of the drugs. Specifically, MultiSyn does not sepa-
rately learn the biological network and omics data of the
cell line but instead employs a semi-supervised learning
method using an attributed GAT to integrate PPI net-
works and multi-omics data, thereby obtaining the ini-
tial multi-source features of the cell line. Furthermore,
we combine the multi-source cell line features with cell
line-related gene expression features to obtain the final
cell line features. To extract drug structural features, we
represent drugs from three perspectives: atom-level,
fragment-level, and atom-fragment level, and learn fea-
tures that carry pharmacophore information from these
perspectives using a heterogeneous graph representation
method, followed by multi-view feature fusion through
attention mechanisms. Finally, we connect cell line fea-
tures with drug pair features and utilize a predictor to
make the final drug synergy prediction.
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Cell line feature extraction

To effectively integrate cell line-related biological net-
works and omics data, we reference the previous work
PRODeepSyn [29]. We first construct a semi-supervised
learning model using an attributed graph neural network
to merge PPI network information with cell line-related
multi-omics data, obtaining the initial cell line features
that incorporate multi-source information.

We first represent the PPI network of gene expression
products as a graph G? = (V?, E?), where V? denotes the
set of nodes (genes) and E? the set of edges (interactions
between genes). The feature matrix for the gene nodes in
the network is denoted as X € RN»*Fr, where N, is the
number of gene nodes in the PPI network and F, is the
feature dimension for the gene. X represents the original
gene features on the PPI graph, each row x; in X represents
the feature vector of the ith gene node. Using this setup,
we employ an attribute GAT encoder to learn the embed-
dings of gene features X' in the PPI network. These embed-
dings are then mapped to the feature space of the cell line
through a fully connected layer, resulting in a new gene fea-
ture matrix X € RN»*F,

In the attribute GAT encoder, attention is assigned to
neighboring node embeddings based on the attribute char-
acteristics of each node. The update rule for the node rep-
resentations in the graph can be formalized as:

3w Wi

ueN (v)
(1)

where N(v) represents the set of neighbors for node v,
and u# € N(v) denotes a neighboring node. o is the acti-
vation function, W is a learnable weight matrix for the
Ith layer. h,ld represents the input feature of node u at the
Ith layer. The attention weight «,, captures the influence
of node u# on node v and is computed based on the fea-
tures h! and h/, as well as the adjacency matrix P, where
Pij = 1if gene i interacts with gene j. The output embed-
ding X’ € RN»*f» contains the updated node features for
all nodes in the graph. The embeddings X' are projected
into the cell line feature space via a fully connected trans-
formation, yielding the matrix X. This projection ensures
that the transformed gene features X and the cell line
embedding c; share the same feature dimension, enabling
the matrix multiplication.

Next, we use the cell line ID to represent one-hot encod-
ing, and the feature matrix C € RNe>*fe is randomly initial-
ized, where N, denotes the number of cell lines and F, is
the feature dimension for each cell line. Each row ¢; € RFe
corresponds to the embedding of the ith cell line. For the
ith cell line, the relationship between gene features and the
cell line status can be expressed as the product of the cell

X' = Attribute GAT(X,P) = o



Jin et al. BMC Biology (2025) 23:200

line feature ¢; € C and the gene feature matrix X derived
from the PPI network:

gi=X-¢ (2)

where X € RN»*Fe jg the transformed gene feature matrix,
and the resulting g; € R"» approximates the molecular
profile of cell line i across N, genes.

The relationship between cell line and gene status is
then optimized using the gene expression levels g° and
gene mutation results g” corresponding to the cell line,
updating both C and X. The loss function is defined as:

Ne Ny

Le=Y > (¢ — &) 3)

ik

where N, denotes the number of genes associated with
omics modality x € {e, m}, N, and N,, represent the num-
ber of genes with valid expression and mutation data,
respectively. These gene sets are typically subsets of the
full PPI graph nodes V?. gf; is the ground-truth omics
expression or mutation value of gene k in cell line i, and
g;,i is the corresponding predicted value obtained from
the model. The loss L, is used to optimize the parameters
of both the gene transformation matrix X and the cell
line embedding matrix C via backpropagation.

Finally, the embedded features updated according to g°
and g™ are concatenated column by column to form the
feature matrix C, which contains multi-omics data for the
cell lines, serves as the initial representation of cell lines
in this module. To further enrich the cell line feature rep-
resentations, we incorporate gene expression data from
the CCLE dataset [26]. The gene expression data is pre-
processed into a feature matrix, which is then passed
through a multi-layer perceptron (MLP) to obtain Cg.
The final cell line feature representation is obtained by
integrating the embeddings C; and C;,, through an atten-
tion mechanism, as expressed below:

C = Attention(Cg, Cp) (4)

Drug feature extraction

In this section, we represent drug molecules as multi-
view molecular graphs containing structural information
about drug pharmacophore and use the Graph Trans-
former framework for drug feature learning. We repre-
sent drug molecules as heterogeneous molecular graphs,
focusing on the fragments containing pharmacophores.
We first use the cheminformatics tool RDKit to build a
molecular graph: G = (V, Ex) by the drug’s SMILES
sequence, where V, represents the set of atomic nodes
in the molecule, and E, represents the set of chemical

Page 14 of 17

bonds in the molecule. Each atom v; corresponds to an
atom in the molecule, and each bond (v;,v;) € E, indi-
cates a chemical interaction between two atoms. Next,
we use BRICS rules [47] to partition the drug molecular
SMILES sequence into multiple fragments, each frag-
ment is then further represented by graph G;, where
i=12,...,Ns, and Ny represents the total number of
fragments obtained from the SMILES partition. Further-
more, we regard the fragments obtained by segmentation
as new node types (fragments containing pharmacoph-
ores) as Vy. At the same time, we define the interaction
information between fragments as &, and the mapping
relationship between fragments and atoms as &,, which
links atoms in Vy to their parent fragments in V). These
newly defined node and edge types allow us to construct
a heterogeneous molecular graph based on the original
molecular graph: G = (V, &), where V=V, UV, and
E=EUEUE,

In this heterogeneous graph, the feature matrix of
each node is represented as: X° € RNV*FV, where Ny
denotes the number of nodes V, F), represents the node
feature dimension. The edge feature is expressed as:
E0 € RNe*Fe, where Ng¢ is the number of edges in the
heterogeneous graph and Fg¢ is the dimension of each
edge feature vector. Given the node feature matrix X
and the edge feature matrix E, we define the initial edge
feature El@ between node v; and its neighbor v; as X, the
node feature of v;. To enhance the representation capabil-
ity and stabilize training, we employ multi-head attention
for node and edge feature updates as follows:

Nj
X! = Concat Z ozihj X;flwv’h) (5)
JEN () el
Efj = Linear (Efj_1 ® Xf_l ® Xll»_l) (6)

where Nj, denotes the number of attention heads, and 4
indexes each individual attention head, @ represents vec-
tor concatenation, combining edge features and node fea-
tures at both ends, and a linear layer is used to integrate
information, V” represent of node vj in the /-th attention
head, ozihj is the attention coefficient between nodes v; and
vj in the hth attention head. The attention coefficient is
computed by aggregating information from all nodes:

xg—le(xg—1W1<)T
afj = Softmax( ! / >

7
N 7
where Xf_l and Xj_l are the hidden states of node i and

node j at the (/ — 1)-th layer, serving as inputs for the
query (Q) and key (K). W<, WX are learnable projection
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matrices, and dj is the key dimension used for scaling.
The output ozf. € [0, 1] reflects the normalized attention
weight of node j with respect to node i.

Finally, a Gated Recurrent Unit (GRU) is applied to
aggregate node embeddings into a global molecular
representation, atom nodes and fragment nodes are
represented as feature matrices with shapes [N, F,]
and [Ny, Fgjp], here N; and Ny denote the number of
atom nodes and fragment nodes In the heterogene-
ous graph representation of molecules, and F;,, is the
feature dimension. Through the multi-head attention
mechanism, the relationships between atom nodes and
fragment nodes are dynamically calculated, and the
fragment node features are weighted and fused to gen-
erate an updated atom node feature matrix. Meanwhile,
the residual connection preserves the original atom
node features, resulting in the fused feature matrix:

Xfusion = Multi-Attention(f(ﬂ, Xp) + )~(a (8)

where X, and Xp represent the features of atom nodes
and fragment nodes; the recursive update operation of
the GRU is defined as:

X= GRU(Xfusion: Xinit) (9)

where Xgsion represents the fused node features obtained
from the multi-head attention mechanism, and Xju;t
denotes the initial hidden states used to initialize the
GRU. The GRU integrates both inputs to generate the
final node representations X. The global molecular rep-
resentation is generated by applying mean pooling to all
node features:

(10)

where X; represents the characteristics of node i. The
resulting  Dgjopal € Rfdm encodes the global struc-
tural feature of a single molecule and serves as its final
representation.

Prediction of synergistic medication

In the prediction module, the features of the two drugs
and the cell line are first integrated, followed by a
multi-layer perceptron (MLP) to predict the drug syn-
ergy results. Concatenate the refined cell line embed-
dings C with the drug pair features D4 and Dp obtained
from the drug feature module. Finally, the classification
task is performed using an MLP, as described by the
following equations:

pi = softmax(MLP(D4 || Dg || C)) (11)
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where || denotes the concatenation operator and p;
denotes the predicted probability that the drug pair
exhibits synergy. The model is trained by minimizing the
cross-entropy loss function:

N
1
CrossEntropyLoss = N Z —[yi - log(py) + (1 —y;) - log(1 — p))]

i=1
(12)
where N represents the total number of samples in the
training set, ; is the label of the ith sample.

Abbreviations

HTS High-throughput screening

ML Machine learning

DL Deep learning

GAT Graph attention network

TCGA The Cancer Genome Atlas

GNNs Graph neural networks

GCNs Graph convolutional networks

PPI Protein-protein interaction

MLP Multi-layer perceptron

GRU Gated recurrent unit

CCLE Cancer Cell Line Encyclopedia

cv Cross-validation

AUROC  Area under the receiver operating characteristic curve
AUPR Area under the precision-recall curve

ACC Accuracy

BACC Balanced accuracy

PREC Precision

TPR True positive rate

KAPPA  Cohen'’s kappa

GBM Gradient boosting machine

RF Random forest
t-SNE t-Distributed stochastic neighbor embedding
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