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[Abstract]

Predicting the synergistic effects of anticancer drug combinations is essential for effective cancer treatment. Existing
computational approaches often rely on predefined molecular fingerprints, which may fail to identify molecular structures and
atomic interactions. Utilizing a dataset of 3,014 drug combinations, encompassing 48 drugs across 13 cell lines we employed
graph attention networks to extract structural features directly from chemical graphs. These structural representations were
subsequently integrated with drug-induced gene expression profiles to predict synergy scores. The model achieved a mean squared
error of 63.53 + 7.78 and Pearson correlation coefficient of 0.70 £ 0.04, outperforming existing methods. Additionally, critical
molecular substructures contributing to synergistic effects were identified through attention weight analysis; these findings
corresponded closely with established pharmacological mechanisms. These results suggest that our approach can serve as a robust

tool for screening anticancer drug combinations within drug development.
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Table 1. Atomic features and dimensions for molecular graph

representation
Atom Features Size Description
Atom symbol 9 [B,C,Cl,F I N, O, P, S]
Covalent bonds 0-7
Degree 8 (one—hot vector)
Charge 1 Formal charge
Radical .
electrons 1 Number of radical electrons
Hybridization 7 S, SP, SP2, SP3, SP3D, SP3D2,
other
Aromaticity 1 Atom is aromatic (true/false)
Total number of connected
Hydrogens 5 hydrogens (0—-4)
Chirality type 2 R or S
Chirality 1 Atom chirality (true/false)
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Table 2. Model hyperparameters
Hyperparameters Value
GAT hidden dimension 128
GAT attention heads 8
Embedding dimension 128
FC layer dimensions 256, 128
Dropout rate 0.2
Batch size 32
Learning rate 0.0001
Number of epochs 200
Optimizer Adam
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Table 3. Model performance
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