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A graph convolutional network model based on representing learning
for compound-protein interaction prediction
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Abstract ; The identification of compound-protein interactions is crucial for drug discovery, target identification,
network pharmacology, and elucidation of protein function. In this paper, we develop a representation learning
based graph neural network model for predicting compound-protein interactions. Firstly, Word2vec representation
learning method is used to extract features of compounds and proteins automatically. Then the features are input to
construct a graph neural network prediction model. Compared with traditional machine learning methods and
previous advanced methods, this model shows better results in AUC, accuracy and other model evaluation
indicators. Predict the probability of all unknown compound-protein interactions in the Binding-DB database, with
four of the top five compound-protein interactions with the highest prediction score confirmed by external evidence.
The robustness and effectiveness of the model are further proved. This model can fully utilize aggregated neighbor
information, node features, and adaptively capture the topological structure of the compound protein space, thereby
achieving high model accuracy. The results of this study provide a new idea and method for the study of compound-
protein interaction identification.
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&AW - & 1 5 AH B AE H ( Compound-protein
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Fig.1 Workflow chart of the proposed method
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3.1 Word2vec-GCN 7£ Binding DB #{#E% FHI5

2 J&/R Word2vec-GCN F7FE Binding-DB
PEAE LRy Atk e g, S5 R ARBIEIAE CPL
AT 55 I 2R AUC  MERR I, R 0 B LA DR
DI K F1 235053 5135 510.998 7,0.995,0.996 2,0.997
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Fig. 2 Results of classification performance of our methods on Binding-DB training sets and test sets

3.2 Word2vec-GCN #f& 4t ML # DL 77 ik E

FUATEE

N T 3E— U5 Word2vee-GCN ZEAL &) - &
B AR TN o £ B | K 5 — s 22 LG L
i )RR B2 2] S AT T b, L R B AL AR AR
(RF) SCRfm AL (SVM) B2 /2% (DNN) |
B EEFR TR (GBDT) b A5 780 (%) Tt i) &5 S 4
1R, RAEEER A SRR T H A2 #L Y ML
F1 DL B, AR SO A9 AUC 43 9 b SVM, GBDT,
RF FI DNN 5 46.75% ,2.59% ,2.30% 1 5.28% .,

T BindingDB 04, S AL J5 1k (R GBDT
M RF B8 %t CPT AT S WA P 22 5,
IFH A 5 kB8 3545 1 R FE i AUC 434k, e
BE KB PE, BRI F1 A8, fERIRES I

%1 Word2vec-GCN £S5 M4~ 8

2:,GCN F1 DNN 5 5U 75 ) 28 25 04 T 2 50800 3
FE A, 5 DNN M EL , GCN 33 F4b L CPI
R B EIZE AR . BARAE LRV ik T
T GBDT A1 RF #4L T DNN 2844 {H i F
DNN RIS 504G 4% | i — 4 508 ( Fine-tuning ) 7] A8
2335 DNN BEAS B FPERE . 17 SVM J5 % 7E CPls
TIAE: 55 Fh HRAS T AR 10 v i 22 PR R PE g
A BELE T SVM 18 % 7E e M BUE 42 R P M 4,
RV 20 R B, s 7428 0] 3 ( Gaussian RBF) #%
PR, P AR B AR R MG O (R E AT A T 2R i
FARBLPE REAE IR B A TSR 0 U 1 7 Je I 1 17 O
B ot o NI & R  € T I B2 N € U
SVM EFERIAME,
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Table 1 Results of classification performance of our method compared with four classic ML and
DL methods on BindingDB testsets

R AUC I Kt PERR: F1 538k
Word2vec-GCN 0.995 7 0.991 3 0.990 8 0.994 0 0.993 2
SVM 0.678 5 0.671 4 0.660 6 0.667 5 0.670 1
GBDT 0.972 3 0.973 0 0.965 9 0.976 7 0.970 1

RF 0.972 7 0.976 5 0.970 8 0.974 0 0.969 2

DNN 0.945 8 0.946 2 0.947 5 0.938 3 0.939 7

3.3 Word2vec-GCN 5t A 5E it 77X B4 B R I

Xtk

SR Tk — 2 W AR ST R Ok 0 A
Word2vec-GCN J5: 5 PAF APl A S 3 07 v 3847
T,

1) Tsubaki 25" JF & T —Fgr k) CPT F 5 2
GNN-CNN iz f ik i 256 T G W S5 i $E
GCN FHFE BT FI KR CNN , #5173 21 it 26
R

2) Tian 2512 42 H T —Ff DL-CPI J5 %, %5 i
ot FE R R o 2 I 8% ke A b 2 ST A B - B
JEXTHIFE %, DL-CPT ] DL i 43 )2 $ Uk 24 37 fk
B - B O AT FRRAE , DA S B R G % T
PERE,

3)Ye RN T — R T 20/ KA 24
W) — 0 bR AH AR P00 75 7 —MCSDTI, B S AR 4 A
AR B S S A P, SRS T IR A
IFi) 14) 24 S0 >R M A 3000 g2 245 4 - A BV
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THEA AR R 1 4 J 3 e o AT foff g Ak Fn 245
FREAE AR T 24 4 - BEAR A EAE

5)Zhang 2" [ REHE T Word2vee J7 B2 T
SPVec 12 >] 2451) — 4 sORH BLAE HIX RO RRIE R
FERGHRAE 1) L5 A GBDT B rP 78 DrugBank' ' it
TR AR T — A EAEH

AT iR 5 AT E A R A R
BN 2 PR, AJTIRAE T A SRR BEPFAS 48 AR L
BALT F3R TR, AUC 43 MERRTE K580, 7
[ K1 PE40 53 ) He e O 58 2.63%,2.06%,
2.44% ,1.93%M 2.51% , TEfJFHAHE Word2vec F#1E
PO L HTE T, GON BEAIZE AL T SPVec-GBDT

A UL T GON fE KRG W 8 549
FEER LA S5 Z 8] i B i 6 22 RN A S JoT B3040 O
AL T P E . Word2vee-GCN J7 3 A AT DL A if
Jof 1 R AR R A B 5 1 SRR 3 T DUR AR S -
A S R FR NGS5 () Ry s b o R 7R 2 2 1)
GNN-CNN J5 ¥ H, Word2vee o CNN B 13 FH T
B BT B R ARSI, X P BB B T CNN [
KNSR KRR A 57 9 s e+
JEA, T T A F A R OC R AELL R, 5
CFSBoosting I MCSDTI 75 35 A He , 48 7 i AU
THERMBIRI R, M H A 2T F TR ERRHENE
BidfE, B2, 2 BT AT WA RUE RS
B

%2 Word2vec-GCN ik 5 S Mg #t AixEE RME R K

Table 2 Results of classification performance of our method compared with five state-of-art models

R AUC iR LIRS AR F1 4341
SubGCN-CPI 0.995 7 0.991 3 0.990 8 0.994 0 0.993 2
SPVec-GBDT 0.970 2 0.971 3 0.967 2 0.974 7 0.968 9

DL-CPI 0.909 9 0.902 1 0.893 7 0.916 4 0.912 3
GNN-CNN 0.933 2 0.930 1 0.929 6 0.923 7 0.925 1
CFSBoosting 0.803 4 0.826 7 0.806 5 0.819 0 0.824 0
MCSDTI 0.861 7 0.833 2 0.828 7 0.824 8 0.819 7

3.4 Word2vec-GCN FlilBEM K &YW -E B R

HEM

AHTIL T 318 AT RAAS Y A SCHR 19 35 2R
25 ) (R [B] #h 22 N 4% Word2vee-GCN J7 B 1EAL & 9 -
B AR BNAT 55 o B T 55 A AL E A
RAFINZALRE T, FE LS S vy i) Tl o v
FEAL AW -8R S AR XS 02 0 24 4 i A7, 8 v A
SBUNRCR s 25 i kB K, AR5
fdi Fl Word2vec-GCN 759 %} Binding-DB %4} £ 1 Y
FITA AbRic CPIs A6 AH AR FH UM R UEAT T 00
TIINAS 538, U6 BH BAE T Rt RO, AR AT R

LAY -FE AR 3 PR, d#id R E A
AW AE B 2 B0 B (40 PubChem,, ChREMBL, KEGG
) FIA G Sk, T & 4 ML A Y- 1A F 1 5
ANHIEIEAIESE . b T MR AL & W -8 A R
XPAHE AR, 2T 250 1Y 73 1 X R A1 3 fv i,
T P33402 8 AR 2 h R ISR = R 254, SR A
M3 ik TR, HEA SR =k A Y-S A AE A
XF SR AAE SN BN T v 4% 2 S B B, o T X
GER R T EH B B AE A, 2 — I W
Word2vec-GCN Jy 72 Fiil H 1) TS 2590 — 50 k5 X A5
Bk

3 Word2vec-GCN FLllHE Z BT E AL & -8 B Rt
Table 3 Top five novel CPIs predicted by Word2vec-GCN

5 k&9 CID UniProt ID bR B UESR IR
1 17600651 Q13115 XURE S 1 e 1R Tl PubChem
2 5353788 P33402 B RR MU ) P R -2 PubChem
3 59033885 Q9BY41 TR U2 TRt Iy
4 293961 P03366 HIV-2 2K (A fiff KEGG
5 5329721 P14635 G2/4 23 3k Ve AN F A 1 B UniProt
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3 Word2Vec-GCN FillHER 1,3,4,5 L EW-EBR KRS FIHEER
Fig. 3 Molecular docking results of rank 1,3,4,5 novel DTIs predicted by Word2Vec-GCN
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