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GAO Chuang' , LI Jian-hua'*,JI Xiu-yi' . ZHU Cheng-long' , LI Shi-liang” and LI Hong-lin
1 College of Information Science and Engineering, East China University of Science and Technology,Shanghai 200237, China

2 Shanghai Key Laboratory of New Drug Design,Shanghai 200237, China

Abstract Drug-target interaction prediction plays an important role in drug discovery and repositioning. However, existing pre-
diction methods have the problem of insufficient predictive performance while processing data with highly unbalance positive and
negative samples. Therefore,a novel computational method based on graph convolutional neural network (GCN) for predicting
drug-target interactions is proposed. In this method,a heterogeneous information network is constructed.which integrates diverse
drug-related information and target-related information. From the heterogeneous information network., low-dimensional vector
representation of features, which accurately explains the topological properties of individual and neighborhood feature informa-
tion.is learned by using GCN and then prediction is made based on these representations via a vector space projection scheme.
The AUPR(Area Under the Precision-Recall Curve) values of the proposed method outperforms other four existing methods in
the prediction of drug-target interaction on both DrugBank FDA and Yammanishi 08 datasets,and it preforms well on bigger
datasets. The experimental results indicate that the proposed method improves the prediction performance of drug-target interac-
tion on datasets with highly unbalanced samples. Furthermore, we validate novel C(unknown) drug-target interactions which are
predicted by GCN in biomedical databases.
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Table 2 Comparison of three indexes (S;,S,,S;) of state-of-the-art models on five datasets
M Model NR GPCR 1C E DB_FDA
Config. s, S S s, S S S, S s s, S S s, s S

BLM-NII 0. 88 0. 85 0.91 0. 85 0. 87 0.88 0.83 0. 89 0.91 0.73 0. 89 0. 96 0.71 0.75 0.90
NRLMF 0. 88 0. 83 0.93 0.87 0.92 0.95 0. 80 0.93 0.98 0.75 0. 90 0. 95 0. 89 0. 80 0.93
AUC DDR 0.90 0. 88 0.92 0.91 0.93 0.96 0.94 0.97 0.98 0. 84 0.92 0.97 0.91 0. 86 0.96
TriModel 0.89 0.85 [ 0.99 0.92 0.86 | 0.99 0.93 | 0.98 0.99 0.95 0.96 | 0.99 0.94 0.94 0.99
GCNDTI 0.96 0. 85 0. 88 0. 90 0. 80 0.93 0.97 0.95 0.97 0.97 0.98 0.97 0.92 0.92 0.90
BLM-NII 0. 35 0.41 0.62 0.37 0.37 0.53 0.37 0.61 0.83 0.22 0.73 0. 86 0.03 0.05 0.12
NRLMF 0.49 0.45 0.72 0. 35 0.55 0.69 0. 30 0.71 0.79 0.28 0.76 0. 89 0.28 0.23 0.32
AUPR DDR 0.71 0. 64 0.83 0.63 0.61 0.79 0. 69 0. 80 0.92 0.73 0.82 0.92 0. 44 0. 39 0.61
TriModel 0.87 0.77 0. 84 0.81 0.73 0. 80 0.76 0.87 0.95 0.78 0.83 0.96 0.59 0.62 0. 64
GCNDTI 0.96 0.84 0.8 0.94 0.91 0.92 0.97 0.95 0.97 0.98 0.98 0.97 0.87 0.8 0.76

i state-of-the-art 55 4045 5 1 TriModel s SR AR 55 B 52 3 43 o dme 45 21 s MR - 4 A o

5 AR 4E X L IR S5 A9 AUPR fH 404 2 Frgl, M
F 2 A AL AR 15 WHINAT 45 7 . GCNDTI 5 2 ) AUPR {E#B
BT HAL 5 Foxd . 5L TriModel J7 ¥ M H , 78 AP

WAL 55, GCNDTI 5% AUPR HSF-3#42 8 T 5% LA
L S, W4T 4 th GCNDTI 7 # He TriModel 77 3 )
AUPR B8 T 18% ., S, WINAT % # AUPR {H ¥ 42
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BT 13.6%,S WUMAES T AUPREHPHRE T 5.6% . 5
Hb, GCNDTI J7 i v i 35 5005 8 A Wk 25 9 19 8 45 J
SERARE SR B, I A 6 5 9 4% i K R
15 B LA B 56 BE B 55 19 71 A5 B IS T 5 6 0 4% [ op A
WA E BT R, % 7 A B A A 0 s S A
A R R BB 259 DT 555 br DT i H %
P A,

GCNDTI J7 & AL AE T FE A TR o 09 8095 48 b B R AT
Ry Iy im0 A B AR R B K I AUPR fH 75 88 3R 4K
%, TriModel. DDR. NRLMF I BLM-NII J5 i 1E (45 & E
5 1C L HUMAL 55 i, 5246 45 - 9 AUPR {H 3% 38 = F 60% .
TriModel 748 % 5 F 806, #& i 7 4% K # 44 4% 4 Drug-
Bank _FDA [ #U47 [R1FE 9 100 45 55 1, AUPR {8 K 08 B2 BEAIK
X $ B 4 E M DrugBank _ FDA 1Y 5256 45 B, 4 fh oy ¥ 10
AUPR {H P IAC T 24.2%,33.3%.34. 5% Fll 54. 2% . XF
AH [ £ 52 56 4 55 76 A W) A9 5080 4 1 #8470 b, GCNDTT J7 i
By AUPR {8 43 BT B R 15. 2% o ReAR I BE Sy oAt 4 Fh oy
B 1/3~1/2, HILTTH, GCNDTI J7 & 52 504 43 4 F i
R RN

GCNDTT J5 ¥ 4 F He Al 7 2% i it B2 JH 7 )1 25 A o
R FHAEZe v 75 1 Rl B S 109 R P A 8 0 R TR) 1 28 B 3 AN [
SHENE K AT DT B, 5 GCNDTI J5 ¥ # L, TriMo-
del,DDR, NRLMF #1 BLM-NII 77 & #8 £ 16 — & 19 Bk [,
BLM-NII FI 1 25 4 F 88 b5 45 5 2 504 245 4 0 50 A A AL 46
M T e frE S BN A, NRLMEF FikF AT 242
0 0 R B R B T B 2R M AL A (R B B R PR A
Ao B B0 B A Y TC A5 B . DDR #l TriModel J7 3 H T
2 ol e Al 2 o 5 15 300 2 ) R EE A A S S TR UG T R 0 1
SRS AUC {6 A1 AUPR H#R4E T DNLMF #1 BLM-NII

75 . {H )& DDR Ml TriModel J5 32 &5 HF| FH T 36 43 A0 1% 15
B 0 R Al AR JE R AT AR B T AR A 0 0 28 R T
HORFIAUE . A SO 9 GONDTT 75 % MR 408 321 14 26 Rt ¥
HRTRIAAE , 71 A8 38 2 I 2500 Tk 38 4 FH G R 30 AU , B i
AATRGERGES .

4.5 FRABYW-LEXRNEHRSHIE

LG 09 245 W ¥E AR T00I 7 I AR 3R 3 R TMAT 55 BA
WE MRS HE B & BB 4 R A (e AR ) DT
RIRE I RN Y- RO R E R A8 JRATE 5 A 24 430 b B Al
EHRARTEAEMAE 38 R (BRI 0) . H3E i 00 453 8] (1 — 28
2R OE R . BB AR G R AR AE A I B £ PR
FETE AR SEFR 10T REAE7E T 00 4 50T 09 A W 5080 e v .

S 25 - FE AR 56 FR 1 & B 38 i GONDTI B ) A %
FEREAS B o 7 A0 25 15 S0 A R 40 BE 5 L 50 BR T A 55088 46 o
CAERMIERER B TR EA R top-N HER T4 1Y
2H)-H bR 5 RAE R A ST Ik BT R B R 25 - RR SR R
R T AT A B R A0 DT R B AL AS SRR T 10
YR T 5 () 56 B 43, R ISR AN 5 SR 4y
A H 254 -FEAR DG R 1 58I 2 #F KEGG™™ . DrugBank™" , Su-
perTaget'*!,CTD™", T3DB"" fl ChREMBL"*' 6 4~%& . iy /£
WVECHR FE v HEAT I, 3 IO 2R T R R b, BKHE OE 4 T, T R
AR Y - AR R, FEIEPRMARM DTI W E RS
Ik ,GCNDTI J ik 76 5 A8 & LBl CR 3 1Y top5
A DTI &R M5B 3 Fra, H ob 7 A 58008 2 b e i 48
SR 25 Y- R AR 8 R LA R R (R/R XL DTI X RS2
WE) . % 3 fixJi — % (Evidence) 3 ! T 4 & b 2R 1 56 R 4
YRR 4 B, 3 AT 5 AN B0 R Bl GONDTIT
W R YRR R E 43 14 R AR A5 B Y top-5 A H0 25 - AR 6 R It
A 25 XF, H A 14 X5 7E Tl A= W BOE PR A5 BB E

3 AMNEIRET top-5 B2 -HOER G R 19 E

Table 3 Validation of the top-5 scored combination for each unknown DTIs of the investigated datasets
Dataset = Drug Name Drug Id Target Name Target Id Evidence
1 Palmitic acid D05341 ESR1 has:2099 ChEMBL
2 Tazarotene D01132 NROBI has:190 None
NR 3 Progesterone D00066 ESR2 has:2 100 DrugBank
4 Etretinate D00316 NROBI has:190 None
5 Palmitic acid D05341 ESR2 has:2100 None
1 Atenolol D00235 ADRB3 has: 155 SuperTarget
2 Amiodarone D02910 ADRB3 has: 155 DrugBank
GPCR 3 Amiodarone D02910 ADRB2 has: 154 DrugBank
4 Bisoprolol D02345 ADRB3 has: 155 SuperTarget
5 Nilutamide D00965 ADRAID has:146 None
1 Carbachol D00524 CHRNA1 has:1134 None
2 Calffeine D00528 CHRNA5 has:1138 None
1C 3 Nicotine D03365 CHRNA1 has:1134 KEGG
4 Carbachol D00524 CHRNAS5 has: 1138 CTD
5 Nicotine D03365 CHRNA5 has: 1138 KEGG
1 Methoxsalen D00139 CYP1A1 has: 1543 DrugBank
2 Metyrapone D00419 CYP1A1 has: 1543 CTD
E 3 Salicylic acid D00097 PTGS2 has:5743 DrugBank
4 Anastrozole D00960 CYP46A1 has:10858 None
5 Caffeine D00528 CYP2A7 has:1549 None
1 Amitriptyline DB00321 HTR3A P46098 ChEMBL
2 Desipramine DB01151 HTR3A P46098 None
DB_FDA 3 Dopamine DB00988 HTR2A P28223 CTD
4 Epinastine DB00751 HTRIA P08908 None
5 Loxapine DB00408 HTR2B P41595 None
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Table 4 Verified number of four methods in top-10 predications

under S;

NR GPCR 1C E

BLM-NII 3 7 3 7

NRLMF 5 6 6 9

TriModel 7 8 7 7

GCNDTI 6 8 7 7
GERIE ORSCIRI TR T B b2 M g R Y T
2 (GCNDTD K HUil] DTT, %75 i 5% HI K 45 & i 2 0 28 7E 4

LRy AR AH AR B 00 53 B AR B 90 2% 2% >0 15 B R A
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I 3 2 i St 9 00N Y A R RE R B PE S . SEER SRR
W], 76 AUPR #rdE R, A0 L H Al 4 FhJ7 7%, GCNDTI J7 3 76
DTT F v %385 245 4 5 80 48 45 B0 A 0 28 0 R0CR =X 38 4
FAE F G R W B AR 5 A R A 24, 5 L BE % R
A% R 3G N, GONDTT 4 Mk 58 AR IS BE &/

FEAR SO 5% 0 FE il 1, SRR AT RLR 3 A7 1 a8 A7 1 —
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