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Compound-Protein Interaction Prediction Model Integrating Gated
Mechanisms and Contrastive Learning

JIA Xiaotian, LIU Nan, JING Hao
(School of Computer Science and Technology , Shandong Jianzhu University, Ji'nan 250101, China)

Abstract: Binding of compounds to specific proteins provides an effective reference for determining drug efficacy, and predicting compound
protein interactions (CPI) has important application value in drug discovery. In order to address the limitations of predicting CPI in feature ex-
traction and information fusion, a compound protein interaction prediction model combining gate control mechanism and contrastive learning
was proposed. Firstly, utilizing gating mechanisms to effectively fuse compound and protein features, in order to accurately capture the interac-
tions between the two; Secondly, enhancing the feature representation of compounds and proteins through contrastive learning improves the
model’s ability to distinguish between similar and dissimilar samples. Experiments have shown that the proposed model significantly improves
multiple evaluation metrics compared to methods such as GraphDTA, GNN-CPI, and TransformerCPI.
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Fig. 1 GM-CL model architecture
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Table 1 Data distribution of Human and Celegans datasets

# 1 Human 5 Celegans BB S R1HR

BomtE  hAYECE EA R BRI RO

L Bil/%
Human 1709 2043 6212 3364 54.2
Celegans 1723 1708 7511 3893 51.8
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Table 2 Performance of various models on the Human dataset

%2 KEEIE Human EEE FHMRERT

po R} AUC Precision Recall
GraphDTA 0.958 0.802 0913
GNN-CPI 0.953 0.622 0.928
PWO-CPI 0.981 0.938 0.943
MolTrans 0.976 0.936 0.932
TransformerCPI 0.974 0.918 0.924
GM-CL 0.988 0.948 0.965

Table 3 Performance of various models on the Celegans dataset

R3 FHERITE Celegans HIEE FHYIERER I

LAY AUC Precision Recall
GraphDTA 0.973 0.927 0913
GNN-CPI 0.974 0.923 0.927
PWO-CPI 0.982 0.960 0.953
MolTrans 0.980 0.948 0.960

TransformerCPI 0.981 0.952 0.951
GM-CL 0.986 0.968 0.964

(1) GraphDTA . Z W AL 45 & 7 B 4 48 W 2% 5 15 5t
CNN, i i SMILES J7 81 5 5 11507 504 iy ARAE 3 i
ZIE MM GRS, ASCE T fE
JZ .51 A sigmoid P pRBCKE FL L 35k CPLAT 55 1) — 4 2%
RN

(2)GNN-CPI, BRI BE$E5r+ 148 8015 BRI 2940
FEAE M AL W0 I RRAE T A, R FH GNIN 0 260 15 3 {75 6 il
GIR AT 2] o ARSCAE SRS TPl 5 R AR 18 SC— B0
SRR, TG T 10 1 BRI B

(3)MolTrans. %%, #8 — A KABLTE AL E LA
Yy EAT gm A5 s HLYR , i 3 Transformer 2% 25 XL &4 5 TR
FF A A 738 S ) o AR SCE BT R () g i AR £
WS SHEE 5 R C—5,

(4)PWO-CPL. ¢, B AVE L &9 10 o F %
M Rt N 38 3t o B e 25 ) 2 R AT A B B R, 2R
word2vec Xf 25 9 Jfi (1Y) FASTA (— Fh Ji T i 5% #% FR (DNA/
RNA) 585 507 51 1 SCAAE 20 P HE AT 45 . A SO
T ELA M A B KN S 4R A Y CNN RO 2% 1T

(5) TransformerCPI, ZAKBLEL 43 F 17 41 5 15 B S MR A
R A RHE S A {8 Transformer #5527 L& 91 5
B URE Z BN AE o A SCIEAE T R SCRY BRI 254 5
SR E DR F ARSI I 25 AN IE T E o

H 2 2 Al L, BT 4R A5 AR A5 T PWO—CPI, 7E AUC , Pre-
cision , Recall 8 b5 I 43 34 7+ 0.007 .0.01,0.022 , & B A 3L
IR PERE SR M B, 38 3 0T UL, TR LA AR LT PWO-
CPI, 1E AUC . Precision . Recall $§ 5 I3 %] $2 7+ 0.004 .0.08 .
0.004 , 7E Z FhPF 8 b5 UL 0, 76 [ B HE 4R iz
fLEE IR . P2 R 3 A UL, AR SO AR T ELA CPL
T A 78U 171 5, 4F AUC | Precision . Recall 38 F1 _E 42 T} 2% 5
3 B T 2 ) N Sk
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TH RSG5 AE VAL RS 2 AR 0 B AR R 4 BE 1% DTHR
T o0 B8 B A TR B O BT R At 45 B X e A2 SR R
SR, AR SCER KPS B AT T AT AT : Owithout GM
FRBBET 1 WL AR B ; @without CL 278 £ B X e 2% >J
PRAE T, R4 0]H, BB GMALERLS BRI AUC | Pre-
cision | Recall 43 %] % {1k 0.004 ., 0.008 , 0.007 ; # [ CL 4% £t
J&i BRI AUC , Precision , Recall 23 %] F#1I% 0.010.,0.015
0.013, MESAH, BB CM L5 , BRI ) AUC , Preci-
sion . Recall 73 1] &% 0.004.0.003,0.005 ; # [5: CL A H )5
A AUC  Precision . Recall 731 F54% 0.012.0.014 .0.016 .

2 I, GM B RE 5 B A B 4 b fi S Ak S 1 5 B A
J 22 1] A B A R 8 A5 28 o A i IR 5 RS 1 CL
RS 1AL XA AL S AR AR U A B RE T, s Ak T4k
G5 R RRE R R ST TR T A R, A
ORISR () f5e 2 RE AR AT AN ] Z AL B BTk

Table 4 Ablation experiment of GM~-CL on the Human dataset
%4 GM-CL 7 Human #{#5%5 _F Y BLSCIE

Method AUC Precision Recall
Without GM 0.984 0.940 0.958
Without CL 0.978 0.933 0.952

GM-CL 0.988 0.948 0.965

Table 5 Ablation experiment of GM—CL on the Celegans dataset
&5 GM-CL 7£ Celegans £ #a 5 _F HIi4 B s018

Method AUC Precision Recall
Without GM 0.982 0.965 0.959
Without CL 0.974 0.954 0.948

GM-CL 0.986 0.968 0.964

4 Z5iE

ARSCAR Y RS TR AL S X e T e B —E A
JRAH AR TN AR Y, 5 A Ak PR 5 T CPT TS 2 v 77 7
AR AR SR A B RS D7 AR BRPE . JE, B A T
A HSRAE Y S E A FARAE R SR TR XA L4
FERBEAS B BE 1 5 FLUC, il T 1ML R Al & T e &
Y5 8 A R BRI, T P 8] 52 A AR B AR T
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