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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 & Technology, Tianjin 300457, China)

Abstract: ldentifying 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
constructed 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 network 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.

Key words: drug; disease; drug-disease association; multiple kernel learning; graph convolutional networks
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Fig.2 ROCs, AUCs, PRs, and AUPRs under five-fold
cross-validation on the LRSSL datasets for MKLGCN
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Fig.3 ROCs, AUCs, PRs, and AUPRs under five-fold
cross-validation on the Cdatasets for MKLGCN
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Fig. 4 Weights of the similarity matrices on the LRSSL
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Tab.1 Effect of GCN layers on the predictive performance

of MKLGCN on the LRSSL datasets

GCN Z# AUC AUPR
0 0.7819 0.8413
1 0.8238 0.8693
2 0.8250 0.8717
3 0.8230 0.8707
4 0.8201 0.8679
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Fig. 6 Comparison of predicting methods in terms of AUC
and AUPR on the Cdatasets
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fEgs e RS MR AT HAB AR . #£ LRSSL
i Cdataset Z4i4E I, AUPR {E#zi deepDR
B, (EXyw T AR . £ LRSSL #ds 5 A
Cdataset #4552 FadhAT 5 758 XAGHIEH 43 S8 F5 b
# 2 fizr, HH FL. ACC. RE. SP. PR 4Mill#R
F143#%, Accuracy. Recall. Specificity. Precision.
MEH T UG i MKLGCN 76BN 4 I F1
I EOSR T AR . X R WA SIS AR A] LA S 4
X 2 SR R HEAT T
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Tab. 2 Experimental results of performance comparison on

two benchmark datasets

KR f F1 ACC RE SP PR
MVGCN 07405  0.7310  0.7573 0.7046  0.7243
HNDR 0.7770  0.7657  0.7873  0.7398  0.7670
LRSSL deepDR 07660  0.7823  0.7115 0.8531  0.8230
LAGCN  0.0343 09777 03203 0.9785 0.0181
MKLGCN  0.8086  0.7861  0.7934  0.8492  0.8294
MVGCN 07851 07754  0.8332 0.6976  0.7422
Cdataset
HNDR 0.8005  0.7902  0.8351 0.7432  0.7687
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deepDR 0.8300 0.8436 0.7628  0.9244  0.9203| | DB00262 Carmustine D008175 Lung Neoplasms
LAGCN 0.0435 0.9665 0.3524  0.9676  0.0232| | DB00290 Bleomycin D008175 Lung Neoplasms
MKLGCN  0.8735 0.838 0.838 0.928  0.9192| | DB01005 Hydroxyurea D008175 Lung Neoplasms
45 EHEhSCIG DB01229 Paclitaxel D008175 Lung Neoplasms
N T EAE CKA-MKL 404 2 M2 Y1l & 5 T DB00541 Vincristine D008175 Lung Neoplasms
T 258 5 5 e BR ) B B, AF B4 AT TN DB00762 Irinotecan D008175 Lung Neoplasms
RSS2 73 0 A IR B 2 AL i S R A AL E *6 FIRREGEIBHERAIZY TOPL0 Tl
(Case 1). Z§¥)=><Bk(s EAHMLE (Case 2). £ 3. #£ 4 Tab.6 Prediction of top 10 drugs related to Alzheimer
S 7R T8 LRSSL #2241 Cdataset £ da 45 Disease
FEBLET AUC FI AUPR . 45 REM, T4 e wLmaS MBI BRS LR
W, FEE 024 eEREEBE, AT DB00163 Vitamin E D104300 Alzheimer Disease
2in-BE R RE A BT R B%, AUC A1 AUPR &3 DB00843 Donepezil D104300 Alzheimer Disease
FRAG, R 4204 A AL S I A8 7Y o &5 B & 1 DB00382 Tacrine D104300 Alzheimer Disease
F, 48 CKA-MKL A4 2 M2 EILE:E R DB00674  Galantamine D104300 Alzheimer Disease
FEIR AL BN, BEY TR0 R4 S B IF . DB00989  Rivastigmine D104300 Alzheimer Disease
%3 LRSSL S LHHRSIIREER DB01037 Selegiline D104300  Alzheimer Disease
Tab. 3 Results of ablation experiments on LRSSL datasets DB01043 Memantine D104300 Alzheimer Disease
AUC AUPR DB00313 Valproic acid D104300 Alzheimer Disease
Case 1 & Case 2 0.8250 0.8717 DB01219 Dantrolene D104300 Alzheimer Disease
Case 1 0.8162 0.8637 DB00413 Pramipexole D104300 Alzheimer Disease
Case 2 0.8130 0.8654
7 4 Cdataset ##E5E LHYIHRLSLIG 4 5 4 B

Tab. 4 Results of ablation experiments on Cdatasets

AUC AUPR

Case 1 & Case 2 0.8601 0.8990
Case 1 0.8516 0.8799
Case 2 0.8546 0.8869
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Tab.5 Prediction of top 10 drugs related to Lung
Neoplasms
aMgs AR URLE TR USRS
DB00773 Etoposide D008175 Lung Neoplasms
DB00997 Doxorubicin D008175 Lung Neoplasms
DB00570 Vinblastine D008175 Lung Neoplasms
DB00563 Methotrexate D008175 Lung Neoplasms
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