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[ Abstract] Objective Graph attention network (GAT) was used to predict the
potential association between human microbes and drugs. Methods Three commonly used
microbe-drug associations (MDA) datasets including MDAD, aBiofilm and Drug Virus were
selected. Based on the rich biological information in the datasets, a heterogeneous network was
constructed and a GAT-based framework for predicting MDA called GATMDA was proposed,
which was used to predict the association between microbes and drugs. Results Compared
with the existing eight prediction methods, GATMDA had better prediction effect on three
datasets through three cross-validation methods. During the performance evaluation of 5-fold
cross-validation on three datasets, the area under the curve (AUC) were 0.988 6, 0.994 1, and
0.983 6, respectively, and the area under the precision-recall curve (AUPR) were 0.966 7, 0.986
9 and 0.879 5. The effectiveness of GATMDA in predicting MDA was further validated through
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case studies. Conclusion Based on GAT, the GATMDA model can effectively predict MDA

through the constructed heterogeneous network.

[Keywords ] Microbe-drug associations; Multiple kernel fusion; Graph attention

network; Heterogeneous network; Cross validation

NEWMAEY) R — D E M2 HERREE, A
KA A TP, AR KA 1014 D40
WL O AL E B 10 £, 3K SE 4 R ]
DA A R B SR R 7 ) SR A AR PR B 45 A R
AN IRC R st /PO PN S 97 1 S o R (YA
AIRE B R . B BAAMC A,
M08 NAA D, RAFEAS T,
FEJHE . 98 RE FURE DR 55 P DR R, B
Z: 525 WA, DT I 5 245 40 £ 7 80
BT B, S - 25 CEK (microbe—drug
association, MDA ) F57 32 BHCR £ A9 I TE

KEETERTUEY) - 259 56 R R 5T
UESE . Kovac SRR T Z€ 17 3K 11 A1 €0 K I 1
RN IR VD LR AU ), Szczuka SERFST LN,
RPN VD L T 2 B A A ER A A= MR I 1
SRIMT, ALGERIR S50 2 5000 H TR /R A Y 5 24
Y Z B OCHOR 2 1 BB 52 i IR, A RO
ERR HL TN MDA 4315505 2502 % S50 J7 15 19 4B
7& ", Sharma 45 T 2017 4RI K& T — A O AR
TG AN 1B A R AP R TR s, W T2 4
TFAYEALY, Zhu 4R T —F 3T KATZ 1)
A - 29 AR . Long $EH T —Fh
ST EB ML MDA TIAHESE ( GCNMDA )
TZHESR N 25 AR AL AT AR DRAR R 5 i 2AT
MR E R M BARE 24 TVFZ B MDA
(IR, (BTERFIE SR G AR b ek Or B8
YR a8 R e, N T R BRI, AR
AR T 1 1 M 4% (graph attention network,
GAT) $&iH T —Fhi Al GATMDA, T /3K
ZH g MDA Fiji
1 #ZREFZE
1.1 HiRskiR

RGBT = AT ARUED 5259 5%
BRSNS EURAE S MDAD B,
FBRIUARE R, & 1373 Fh2imn 173 Fhig
AW Z A 2 470 B2 ROCHK; 55 A B 2
aBiofilm, f7A# 1B A= IR0 i B I8 S HAE A=

B2y e, PPk T 2 884 Fh

WAEY) - 250 TR 9E s 58 — R AR /& Drug

Virus, 105% T 2R A8 8 1 AH AL &4 136 1

KR JE, L5 95 R EE A1 175 FP2 ¥Rl 933

FPOCHK . iR =AM EARETEAIE B W% 1.
F1 =AHBENIEEEIE

Table 1. Detailed data for three datasets
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Table 2. Performance comparison between different prediction methods on three datasets under 5-CV

. MDAD aBiofilm Drug Virus
i AUC AUPR AUC AUPR AUC AUPR
KATZHMDA 0.8723 0.838 4 0.901 3 0.902 0 0.780 9 0.755 4
WMGHMDA 0.865 4 0.838 1 0.8451 0.890 3 0.723 0 0.768 7
NTSHMDA 0.8302 0.792 4 0.8213 0.763 9 0.738 9 0.697 3
IMCMDA 0.746 6 0.777 3 0.775 0 0.8572 0.623 5 0.696 2
GCMDR 0.848 5 0.8509 0.8772 0.884 7 0.824 3 0.820 6
BLM-NII 0.923 1 0.926 3 0.925 6 0.933 8 0.891 3 0.8722
MKGCN 0.987 6 0.960 3 0.992 6 0.9777 0.982 1 0.904 8
SCSMDA 0.9617 0.947 3 0.9619 0.9539 0.886 5 0.863 0
GATMDA 0.988 6 0.966 7 0.994 1 0.986 9 0.983 6 0.879 5

E: KATZHMDA, WMGHMDAFNTSHMDA i F 0 f# 4 4 7 7% 49 48 56 14", IMCMDAFGCMDR %51 /| TmicroRNA-disease %
B4 T ArmicroRNA—drug & #9552 5 BLM-NII A Tk 24— de. 548 245 "7 MKGCN""FaSCSMDA™ i Tl % & 4 55 % 4
ZJR) 89 K Fk; SCSMDA Sk T 2E Mg sk af sb 5 3 Ao 1 S ik 5t RAF RO TFRN (i 2 oy — 25 M R TR0 AT ok,

R3 =AM HIEE L AR T A2 32 IGIE TR MERELL S
Table 3. Performance comparison between different prediction methods on three datasets under 2-CV

. MDAD aBiofilm Drug Virus

s AUC AUPR AUC AUPR AUC AUPR
KATZHMDA 0.836 5 0.8259 0.888 7 0.8909 0.722 1 0.7124
WMGHMDA 0.8519 0.820 1 0.8309 0.880 4 0.688 2 0.729 4
NTSHMDA 0.781 6 0.7314 0.800 5 0.728 4 0.697 6 0.6543
IMCMDA 0.728 5 0.761 8 0.760 8 0.840 4 0.5739 0.6579
>CMDR 0.8432 0.8423 0.876 4 0.882 4 0.8029 0.806 2
BLM-NII 0.858 3 0.846 9 0.902 3 0.9259 0.7570 0.750 2
MKGCN 0.9820 0.940 0 09831 0.9520 0.9540 0.8347
SCSMDA - - - - - -

GATMDA 0.982 6 0.948 2 0.984 1 0.957 1 0.9550 0.7530

R4 SAHIRE RTINS A7 10573 LRIE FHOMEAE L8

Table 4. Performance comparison between different prediction methods on three datasets under 10-CV

- MDAD aBiofilm Drug Virus

FiE AUC AUPR AUC AUPR AUC AUPR
KATZHMDA 0.8929 0.840 3 0.907 6 0.909 8 0.789 5 0.767 0
WMGHMDA 0.8729 0.8452 0.844 8 0.883 9 0.7232 0.762 1
NTSHMDA 0.8547 0.8299 0.8211 0.776 7 0.747 3 0.705 8
IMCMDA 0.746 6 0.7727 0.7747 0.8578 0.6378 0.718 6
GCMDR 0.8590 0.863 4 0.8732 0.878 6 0.828 0 0.827 1
BLM-NII 0.864 4 0.879 2 0.9425 0.946 3 0.901 2 0.902 4
MKGCN 0.988 3 0.966 2 0.995 1 0.9830 0.984 3 0915 1
SCSMDA - - - - -

GATMDA 0.989 3 0.968 5 0.996 3 0.984 4 0.986 3 0.904 0
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Figure 3. The ROC and PR curves of GATMDA on the MDAD, aBiofilm and Drug Virus datasets

x5 WMHIV-1HB130FZ54)
Table 5. Top 30 predicted HIV-1-associated drugs

HE# %) EHE HE# 24Y) TS

1 Stavudine PMID: 8627080 16 Bevirimat PMID: 26482309
2 Enfuvirtide PMID: 16160172 17 Rilpivirine PMID: 33257955
3 Abacavir PMID: 26601161 18 Amprenavir PMID: 20695887
4 Didanosine PMID: 11322269 19 Saquinavir PMID: 22664974
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ZKRS

HE# 251 EHE HE 251 TEHE

5 Brecanavir PMID: 17261626 20 Darunavir PMID: 24338166
6 Calanolide A PMID: 8930167 21 Tenofovir disoproxil PMID: 12965939
7 Zidovudine PMID: 7856987 22 Efavirenz PMID: 15482231
8 Zalcitabine PMID: 1281077 23 Dolutegravir PMID: 24694091
9 Tipranavir PMID: 23015723 24 Fosamprenavir PMID: 17547501
10 Maraviroc PMID: 29444937 25 Atazanavir PMID: 16266202
11 Nevirapine PMID: 1371691 26 CYT107 -

12 Emtricitabine PMID: 14609348 27 Thymalfasin PMID: 28106477
13 Raltegravir PMID: 21434946 28 Alpha-lipoic acid PMID: 1724477
14 Delavirdine - 29 Indinavir PMID: 8971147
15 Inosine pranobex PMID: 1703281 30 Trametinib PMID: 29197575

7: PMID ( PubMed Unique Identifier, PubMed"f—47i%#h ) , ZPubMedi¥ % 5] % Wil Feuy A GAt 5 fn B 5 F ARG Lk %5, 1))
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Figure 4. Visualization of the top 30 predicted HIV-1-related drugs
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