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Abstract:In recent years, increasing biological experiments have shown that microRNA ( miRNA) plays an
important role in the development of human complex diseases. Therefore, predicting miRNA-disease associations
can contribute to accurate diagnosis and effective treatment of diseases. Since traditional biological experiments are
expensive and time-consuming, plenty of computational models based on biological data have been proposed to
predict MiRNA-disease associations. In this study, we propose an end-to-end deep learning model to predict
miRNA-disease associations ( MDAGAC). Specifically, we firstly construct the similarity network of miRNA and
disease by integrating disease semantic similarity, miRNA functional similarity and Gaussian interaction profile
kernel similarity. Then, the effect of label propagation is improved through Graph Autoencoders and Collaborative
training. This model implements two graph autoencoders on miRNA graph and disease graph respectively, and trains
these two graph autoencoders collaboratively. Graph autoencoders on miRNA graph and disease graph are able to
reconstruct score matrix through initial association matrix, which is equivalent to propagate labels on graphs. The
prediction probability of MiRNA-disease association can be obtained from the score matrix. The results of the
experiment based on 5-fold cross validation show that MDAGAC is reliable and effective and outperforms current
MiRNA-disease associations prediction methods.
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Receiver operating characteristic example
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Fig.2 ROC curves of MDAGAC in 5-fold cross-validation
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439 & PBMDA (0.917 2), SAEMDA (0.910 2),
EGBMMDA (0. 904 8), MDHGI (0. 879 4),
TLHNMDA (0.879 5) ,MCMDA (0.876 7), MaxFlow
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Table 2 Performance comparison between MDAGAC

and other models in 5-fold cross-validation

T AL A AUC b2z
MDAGAC 0.960 3 0.003 0
PBMDA 0.917 2 0.000 7
SAEMDA 0.910 2 0.002 9
EGBMMDA 0.904 8 0.001 2
MDHGI 0.879 4 0.002 1
TLHNMDA 0.879 5 0.001 0
MCMDA 0.876 7 0.001 1
MaxFlow 0.857 9 0.001 0
RLSMDA 0.856 9 0.002 0
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MDAGAC 1) 2 B 252 Wi B0 P RE . A AT
Hh A A SRR UE e B B B (1 AUC B
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Table 3 Results of 5-fold cross-validation for

different values of @ and 8

P AUC PRifE2E B AUC Frifi2s
0 0.9530  0.006 9 0 0.9486  0.006 2
0.1 0.9566  0.005 6 0.1 0.9590  0.004 0
0.2 0.9578  0.006 9 0.2 0.960 8  0.003 1
0.3 0.9603  0.003 0 0.3 0.9603  0.003 0
0.4 0.9602  0.003 5 0.4 0.9583  0.003 6
0.5 0.9599  0.003 1 0.5 0.9570  0.0035
0.6 0.9599  0.003 9 0.6 0.956 4  0.003 4
0.7 0.9594  0.003 6 0.7 0.9570  0.003 8
0.8 0.9584  0.004 5 0.8 0.9573  0.0022
0.9 0.9569  0.003 7 0.9 0.9528  0.0033
1.0 0.9539  0.003 1 1.0 0.9092  0.0039

TE MDAGAC ™, il i 24k y P miRNA %5 [H]
Mg asia), %#y € {0.1,0.3,0.5,0.7,0.8,0.9} 3k
IR | 2505 4 if 78, MDAGAC 7£ y = 0.8 i}
B BAEIIMERE SLAh, fEF i AH LR 2] T
SHk % kR 5.8 Fi10 B, MDAGAC i TL4r 38
SEFSE F 3 518 0.958 1+0.005 0,0.960 3+0.003 0
#10.958 1+0.003 2,
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Table 4 Results of 5-fold cross-validation 1) MDAGAC ﬁ{fﬁf%ﬁﬁl,ﬁ]?fﬂﬁ LR
for different values of y 2) 5 HUA 9 miRNA-SE T I I 7 5 4
Y AuC bR MDAGAC SR s 2] i 4 4ot 222 190 248 A5 R A B ] )11 2
0.1 0945 2 00029 AN GAE. S FBRIR S 05 B ROV 2 S B A
0.3 0.955 2 0.001 9 D 1 PN PE AR miRN AR IR 1K 2, Tl EL ol
0.5 0.956 0 0.006 4 AW (E BRI B SU R T — R T
0.7 0.959 7 0.002 7
0.8 0.960 3 0.003 0 %%i@(( References)
0.9 0.960 6 0.003 3
[1]JAMBROS V. The functions of animal microRNAs[ J]. Na-
* H pytorch  ( https://pytorch. org/) A= ture, 2004, 431.350-355. DOI; 10.1038/nature02871.

MDAGAC , -1 F Adam LR U RA5E 50 SRS
22 R 2 B BEAIL S 16 AR BB 0.5, I 1l i e )
R Ar KA MDAGAC BIBUIIERE , 45 R BRTER S
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