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Fig. 1 Framework structure diagram of drug-target interaction prediction model
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Tab. 1 Algorithm based on multiple similarity and enhanced attention model
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Tab. 2 Comparison results of similarity fusion experiments

Model AUC AUPR F1 MCC ACC Recall
RSGCN(NO-RA) 0.980 0.945 0.925 0.924 0.986 0.896
RSGCN(RA) 0.967 0.904 0.883 0.881 0.983 0.843
RSGCN 0.985 0.952 0.927 0.926 0.987 0.906
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Tab. 3 Comparison results of multiple similarity experiments

Model AUC AUPR F1 MCC ACC Recall
SMGCN (sf+cs) 0.962 0.844 0.840 0.838 0.979 0.792
SMGCN(sf+rwr) 0.979 0.947 0.922 0.921 0.986 0.894
SMGCN((sh 0.968 0.875 0.853 0.852 0.981 0.798

RSGCN 0.985 0.952 0.927 0.926 0.987 0.906
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Tab. 4 Principal component analysis Scientific control results

Model AUC AUPR F1 MCC ACC Recall
No PCA 0.978 0.938 0.922 0.921 0.986 0.897
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Tab. 5 Comparison of AUC results with other methods

B DTIMGNN!?4] DTICNNL? NRLMF(26] MHADTI! BICTR" RSGCN
Es 0.913 0.934 0.940 0.944 0.973 0.985
IC 0.888 0.892 0.949 0.917 0.968 0.980
GPCR 0.863 0.854 0.861 0.881 0.951 0.940
NRs 0.860 0.733 0.747 0.910 0.905 0.950
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Tab. 6 Comparison of AUPR results with other methods

Datasets DTIMGNNE24 DTICNNLE? NRLMEF26] MHADTI® BICTRE?™ RSGCN
Es 0.849 0.934 0.795 0.937 0.785 0.952
IC 0.832 0.889 0.798 0.895 0.808 0.953

GPCR 0.855 0.851 0.406 0.860 0.523 0.887
NRs 0.843 0.745 0.485 0.915 0.555 0.844
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Prediction of drug-target interaction based on multiple similarity and enhanced

attention mechanisms on graph convolution neural network

Wang Wei'", Yu Mengxue', Sun Bin'*, Wan Shitong', Liu Dong'*",
Zhou Yun'"", Zhang Hongjung®, Wang Xianfang®

(1. a. College of Computer and Information Engineering; b. Key Laboratory of Artificial Intelligence and Personalized Learning in Education

of Henan Province, Henan Normal University, Xinxiang 453007, China; 2. Hebi Instiute of Engineering and Technology,
Henan Polytechnic University, Hebi 458030, China; 3. College of Computer Science and Technology Engineering,
Henan Institute of Technology, Xinxiang 453000, China)

Abstract: In the research of new drug discovery and drug repositioning, it is important to search for the interactions be-

tween drugs and targets. In this study, we propose a graph convolutional network model based on multiple similarities and en-

hanced attention mechanism to predict drug-target interactions (RSGCN) for the drug-target interaction network. Firstly, we

propose to use multiple similarities to optimize the original feature vectors of drugs and targets, capture network structure fea-

tures. and fully utilize direct or indirect relationships between nodes. Then. we reduce the impact of similarity noise on experi-

mental results through PCA dimensionality reduction. Finally, we use GCN to obtain node embedding representations and in-

corporate an attention-based enhanced layer to obtain attention weights between nodes, which efficiently predicts interactions

between drugs and targets. The experiments use a public gold standard dataset, and the experimental results indicate that the

RSGCN model has good performance.

Keywords: graph convolution neural network; multiple similarity; PCA; enhanced attention mechanisms; drug-target

interaction
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