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Prediction of Drug-Disease Association Based on Multiple Kernel
Learning and Graph Convolutional Networks

CHEN Shuxin, LI Yutian, WANG Lin
(College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: Identifying and predicting the associations between specific drugs and diseases is an essential part of the drug
development process. The previous computational methods did not well integrate the multiple heterogeneous information of
drugs and diseases. In this article, a novel computational method based on multiple kernel learning and graph convolutional
networks is proposed for drug-disease association prediction. Firstly, multiple similarity kernel matrices for drugs are con-
structed based on the association matrix and drug chemical structures. Similarly , multiple similarity matrices for diseases are
constructed based on the association matrix, combined with disease semantic similarity. Secondly, these similarity matrices
are integrated with the use of a center kernel alignment-based multiple kernel learning algorithm. A graph convolutional net-
work model is then constructed to process the similarity network and association network, extracting features of drugs and
diseases. Finally, an internal product decoder is used to predict drug-disease associations. In the experimental results, it was
found that this model could predict the drug-disease associations more accurately than the state-of-the-art methods.
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Tab.2 Experimental results of performance comparison
on two benchmark datasets

Blede R Fo ERE AR KRR ORI
MVGCN 0.7405 0.7310 0.7573 0.7046 0.7243
HNDR  0.7770 0.7657 0.7873 0.7398 0.7670
deepDR  0.766 0 0.7823 0.7115 0.8531 0.8230
LAGCN 0.0343 09777 03203 09785 0.0181
MKLGCN 0.8086 0.7861 0.7934 0.8492 0.829 4
MVGCN 0.7851 0.7754 0.8332 0.6976 0.7422
HNDR  0.8005 0.7902 0.8351 0.7432 0.768 7
deepDR  0.8300 0.8436 0.7628 0.9244 0.9203
LAGCN 0.0435 09665 0.3524 0.9676 0.0232
MKLGCN 0.8735 0.838 0.838 0.928 0.9192
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Tab.3 Results of ablation experiments on LRSSL datasets

i H AUC AUPR
Case 1 il Case 2 0.8250 0.8717
Case 1 0.816 2 0.863 7
Case 2 0.8130 0.865 4
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Tab. 4 Results of ablation experiments on Cdatasets

i H AUC AUPR
Case 1 Fll Case 2 0.860 1 0.899 0
Case 1 0.8516 0.8799
Case 2 0.854 6 0.886 9
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Tab.5 Prediction of top 10 drugs related to lung neo-

plasm

ERE R B e URLEIK] PIRE TR

DB00773 Etoposide D008175 lung neoplasm
DB00997 Doxorubicin D008175 lung neoplasm
DB00570 Vinblastine D008175 lung neoplasm
DB00563 Methotrexate DO008175 lung neoplasm
DB00262 Carmustine DO008175 lung neoplasm
DB00290 Bleomycin DO008175 lung neoplasm
DB01005 Hydroxyurea DO008175 lung neoplasm
DB01229 Paclitaxel DO008175 lung neoplasm
DB00541 Vincristine D008175 lung neoplasm
DB00762 Irinotecan DO008175 lung neoplasm

FAMRREEE Ha0k By
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Tab. 6 Prediction of top 10 drugs related to Alzheimer’s

disease

BRI LB S s PIAA PR

DB00163 Vitamin E D104300 Alzheimer’s disease
DB00843 Donepezil D104300 Alzheimer’s disease
DB00382 Tacrine D104300 Alzheimer’s disease
DB00674 Galantamine D104300 Alzheimer’s disease
DB00989 Rivastigmine D104300 Alzheimer’s disease
DB01037 Selegiline D104300 Alzheimer’s disease
DB01043 Memantine D104300 Alzheimer’s disease
DB00313 Valproic acid D104300 Alzheimer’s disease
DB01219 Dantrolene D104300 Alzheimer’s disease
DB00413 Pramipexole D104300 Alzheimer’s disease
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