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miRNA-disease Association Prediction Model Based on Stacked Autoencoder
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Abstract As a group of small non-coding RNA, the abnormal regulation of miRNA is closely related to the occurrence and deve-
lopment of human diseases. The study on the associations between miRNA and disease is important for understanding the patho-
genic mechanism of human diseases. Machine learning methods are widely used to predict miRNA-disease associations. However,
existing methods only consider the information of miRNA and disease similarity networks,ignoring the topology structure of the
similarity networks. Therefore, SAEMDA model based on stacked autoencoder is proposed in this paper,it gets the topological
structure features of miRNA and disease similarity networks by restart random walk,obtains the abstract low dimensional fea-
tures of miRNA and disease by stacked autoencoder,and the low dimensional features are input into deep neural network for miR-
NA-disease associations prediction. SAEMDA model has achieved great results in 5-fold cross-validation,and it has been validated
in cases of colon cancer and lung cancer additionally. As for colon cancer.45 of the top 50 miRNA-disease associations predicted

by this model are verified in the database;and in the cases of lung cancer,all the top 50 miRNAs are verified in the database.
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Fig. 1 Flowchart of proposed SAEMDA model
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Table 1 Comparison results of DNN,RWR_DNN and SAEMDA
AUC AUPR precision recall Fl1
DNN 0.9322 0.9279 0.8688 0.8101 0.8324
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SAEMDA 0.9329 0.9315 0.8483 0.8697 0.8587
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Table 2 5-fold cross validation results of SAEMDA model with different similarity network combinations
A LM B 4 A AUC AUPR precision recall F1
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miRNA 3 A48 B0 4 + 9k 5 38 A LM R % 0.9324 0.9297 0.8460 0.8672 0.8564
i &b 3 i oL R 4
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Table 3 Validation results of colon cancer-related miRNA predicted by SAEMDA

miRNA Evidence miRNA Evidence miRNA Evidence
hsa-mir-21 dbDEMC hsa-mir-31 dbDEMC hsa-mir-23a dbDEMC
hsa-mir-155 dbDEMC hsa-mir-19b dbDEMC hsa-mir-34c¢ unconfirmed
hsa-mir-92a dbDEMC hsa-mir-18a dbDEMC hsa-mir-451a dbDEMC
hsa-mir-29a dbDEMC hsa-mir-16 unconfirmed hsa-mir-19a dbDEMC
hsa-mir-221 dbDEMC hsa-mir-107 dbDEMC hsa-mir-24 dbDEMC
hsa-mir-200c¢ unconfirmed hsa-mir-148a dbDEMC hsa-mir-20a dbDEMC
hsa-mir-30a dbDEMC hsa-mir-196a dbDEMC hsa-mir-137 dbDEMC
hsa-mir-29b dbDEMC hsa-mir-223 dbDEMC hsa-mir-100 dbDEMC
hsa-mir-142 unconfirmed hsa-mir-133b dbDEMC hsa-let-7f dbDEMC
hsa-mir-203 dbDEMC hsa-mir-210 dbDEMC hsa-mir-28 dbDEMC
hsa-mir-143 dbDEMC hsa-mir-140 dbDEMC hsa-mir-192 dbDEMC
hsa-mir-34a dbDEMC hsa-mir-183 dbDEMC hsa-let-71 dbDEMC
hsa-mir-199a unconfirmed hsa-mir-375 dbDEMC hsa-mir-574 dbDEMC
hsa-mir-99a dbDEMC hsa-let-7a dbDEMC hsa-mir-214 dbDEMC
hsa-mir-125b dbDEMC hsa-mir-15a dbDEMC hsa-mir-191 dbDEMC
hsa-mir-1 dbDEMC hsa-mir-182 dbDEMC hsa-mir-205 dbDEMC
hsa-mir-146a dbDEMC hsa-mir-200b dbDEMC

it 368 2 N B v 5 R B2 B R L FE R A R
KA SO AR SAEMDA 78 it B0 o L lEAT 90 0E . B0
16 T miRNA-% 5 ¢ B 508 i 25 Bk 55 i 988 A O¢ 19 miR-
NA, T H I Zi A O8I SAEMDA ;3R )5  # FH I 285 4 1) SAE-
MDA 5 F00 45 F0 miRNA 55 il 1) 0C B 2 25, I X ik 26 56

156 T 43 B AT HE T

F 4 FIH T 5 9 AH SC B HE A AT 50 B miRNA, 38 A7
¥ 4 P miRNA 76 5045 % dbDEMC2. 0 55 HMDDv3. 2
AT IR, R 4 PSS 2 BB 4 FI RS 6 B KRR 5 il
P S IE A miRNA 78 S04 2 P A9 55 3E 1% &, H_-D F R
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1£ dbDEMC2. 0 5 HMDDv3. 2 ¥ FE P #0045 8] 7 84E, A
PRI HEA AT 50 B9 miRNA-H 98 B9 56 36 76 50408 )% 24945 5

T IHIE 3% 28 B AR SC#E 8 SAEMDA 7] DL F & 81K 51 9 mi-
RNA-PHF KL,

# 4 SAEMDA B 9 i #5405 miRNA Sk 45 5%
Table 4 Validation results of lung cancer-related miRNA predicted by SAEMDA

miRNA #AE miRNA B B miRNA HH
hsa-mir-21 H&D hsa-mir-133a H&D hsa-mir-195 H &D
hsa-mir-125b H&D hsa-mir-223 H&.D hsa-mir-146b H &D
hsa-mir-155 H&.D hsa-mir-222 H&.D hsa-mir-210 H &D
hsa-mir-221 H&D hsa-mir-106b H&D hsa-mir-126 HE&D
hsa-mir-34c H&D hsa-mir-199a H &D hsa-mir-24 H&D
hsa-mir-16 H&D hsa-mir-145 H&.D hsa-mir-499a HMDDv3. 2
hsa-mir-7 H&D hsa-mir-200b H&.D hsa-mir-100 H&.D
hsa-mir-30a H&D hsa-mir-92a H&.D hsa-mir-375 H&D
hsa-mir-34a H&D hsa-mir-22 H&.D hsa-mir-30c H&.D
hsa-mir-19b H&D hsa-mir-148a H&D hsa-mir-193b dbDEMC2. 0
hsa-mir-17 H&D hsa-mir-335 H&.D hsa-let-7d H&D
hsa-mir-20a H&.D hsa-mir-29a H&.D hsa-mir-128 dbDEMC2. 0
hsa-mir-15b dbDEMC2. 0 hsa-mir-146a dbDEMC2. 0 hsa-mir-101 H&.D
hsa-mir-34b H&D hsa-let-7b H&.D hsa-mir-137 H&D
hsa-mir-200a H&.D hsa-mir-31 H&.D hsa-mir-18a H&.D
hsa-mir-99a H&D hsa-mir-451a H&D hsa-mir-181a H&D
hsa-mir-1 H&D hsa-mir-196a H&.D

L53RIE  miRNA B —Fh B A 5 %A W5 U 68 1Y IF g 2
RNA,miRNA (3R E# #4515 2 N5 A &, B I mi-
RNA-FE R B0 R85 e T AT Z 6. 48 SCHR
9 miRNA-F J% 56 B Hi A5 78 SAEMDA., £ miRNA 55 % )
ARABLE 1 % 1= 3047 50 BRI 5 & 403 36 I 45 1 4 Fh S5 R 1
IR A I FD 25 K A 2R B R S A HE B 11 3D g A 2 42 L X
R 2k At S A L R e 40 405 SR iy A SR JBE ol 2 D) 4% v R AT T
LY AR R, SAEMDA FE A FE miRNA-%E 5 5C 56 10 ] 5
R TR TERE . (HJE . SAEMDA # R th 77 7 — 2 [R
il o AR SCAX 2 BT AR DL P9 4 Tl B B 22 B AR (L 4% 1
BT RE SR BN T A 5 R RATKEAE LR 0 TAE T £
AR AL O 6% 15, O B e A Y f) R B BE
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