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Abstract In this paper, a heterogeneous network model based on global graph attention meta-path, named
MHNGA, is proposed for drug-disease association prediction. Firstly, the data of drugs and diseases are collected,
and the known drug-disease association, drug similarity and disease similarity are constructed as a heterogeneous
network. Secondly, multiple meta-path-based subgraphs are introduced, and the graph attention neural network is
used to extract the features of the neighbor nodes of these subgraphs, and the features are enhanced by channel
attention and spatial attention mechanisms. Finally, through the evaluation of ten-fold cross-validation, MHNGA
achieves 93.5% of the area under the accurate recall curve and 99.4% of the accuracy.
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Methods AUC AUPR Fl1 Accuracy Recall Specificity Precision
REDDA 0.922 0.444 0.495 0.994 0.451 0.998 0.552
DEEPDR 0.821 0.1353 0.199 0.940 0.295 0.957 0.291
NIMGCN 0.668 0.181 0.260 0.993 0.197 0.998 0.388
HINGRL 0.870 0.241 0.283 0.992 0.248 0.997 0.341
LAGCN 0.850 0.3149 0.3100 0.960 2 0.3539 0.9759 0.275 8
DRWBNCF 0.790 0.352 0.416 0.994 0.347 0.998 0.524
MHNGA 0.935 0.404 0.486 0.994 0.459 0.998 0.516
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Methods AUC AUPR F1 Accuracy Recall Specificity Precision
REDDA 0.829 0.491 0.482 0.989 0.531 0.990 0.469
DEEPDR 0.809 0.121 0.170 0.935 0.246 0.930 0.289
NIMGCN 0.652 0.132 0.221 0.987 0.165 0.991 0.298
HINGRL 0.835 0.198 0.256 0.982 0.224 0.989 0.320
LAGCN 0.829 0.297 0.291 0.921 0.309 0.972 0.264
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MHNGA 0.837 0.469 0.471 0.860 0.545 0.901 0.416
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Fold/% AUC AUPR F1-Score
10 0.750 0.298 0.512
20 0.751 0.299 0.519
30 0.759 0.301 0.523
40 0.760 0.304 0.529
50 0.773 0.309 0.533
60 0.787 0.322 0.535
70 0.790 0.327 0.540
80 0.799 0.337 0.543
90 0.802 0.352 0.551

Methods AUC Accuracy Recall Specificity
MHNGA-GAT 0.802 0.994 0.446 0.997
MHNGA-Layer 0.901 0.990 0.324 0.994

MHNGA-SE 0.902 0.985 0.265 0.990

MHNGA 0.935 0.994 0.459 0.998
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Fold/% AUC AUPR F1-Score
10 0.732 0.245 0.501
20 0.736 0.244 0.503
30 0.740 0.252 0.511
40 0.743 0.255 0.518
50 0.751 0.260 0.523
60 0.754 0.267 0.527
70 0.762 0.270 0.534
80 0.766 0.273 0.539
90 0.773 0.287 0.546
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Drug Disease Evidence
clobazam Hypophosphatemia CTD
rofecoxib Thrombosis CTD
Valsartan Fibrosis CTD
Dasatinib Asthenia CTD

Acebutolol Hemangioma NA
Doxorubicin Ataxia HR[31]
Phenformin Vomiting SCHR[32]

Rifampin Diarrhea PMID: 3 571 889
Sulfasalazine Coma PMC10145436
Mefloquine Malaria SCHR[33]

A, k7 ECOKMI (Clomipramine) [
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Disease Evidence
Cataplexy SCHR[36]

Nausea CTD
Seizures HR[37]
Hepatitis HR[38]
Arthralgia PMID: 7 009 255

RO AIRBFUMEFLERERT 5 MRIEL

Drug Evidence
ochratoxin A CTD
Tamoxifen PMID: 9 045 313
Dinoprostone CTD
bisphenol A CTD
Cacodylic Acid CTD
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