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A Drug-target Interaction Prediction Method Based on
Attention Perception and Modality Fusion

PENG Yang, ZHU Xiaofei, HU Dongdong
(College of Computer Science and Engineering, Chongging University of Technology, Chongging 400054, China)

Abstract: Predicting drug-target interactions is a critical step in drug discovery. The
existing prediction methods based on graph neural networks have achieved good results, but
there are still two challenges: first, how to extract the deep features and rich semantic
information in drugs and targets more efficiently, and second, how to explicitly model and learn
the interactions between drugs and targets for better prediction and interpretation. In order to
solve the above problems, this paper proposes a drug-target interaction prediction method based
on attention perception and modality fusion. For drug branches, Graph Transformer and Graph
Convolutional Neural Network were used to jointly characterize the global structure and
biochemical information of drug molecules. For protein branches, a separate encoding module
was employed to extract the global and local features of the protein. In order to more accurately
model the relationship between drugs and targets, a Transformer-based module was designed to
fuse drug and target features. Finally, the experimental results on the three public datasets show
that the main evaluation indicators have been improved, and the method can more accurately
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predict the interaction between drugs and targets.

Keywords: drug discovery; graph neural networks; modality fusion; attention mechanisms
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Table 1 Experimental dataset statistics
CE #ZM) #EE F i #ER XS
BindingDB 14,643 2,623 49,199
BioSNAP 4,510 2,181 27,464
Human 2,726 2,001 6,728
AILAE 3 ANMATFH DTI #4kE % -

BindingDBP4, BioSNAPPAI Humanl?8l_E £
7 APMF H1 6 MEEZEE P FE. BindingDB
B A — AN Al T B, BE T
SIS ISIE N G Ao N Ty, EEIELY/ NG
A A EAF F , BioSNAP 2 £ i Huang®
% N\ DrugBank 48 E G, & —A- T

HRLE, AIEE I I0IE B AH LA A IERE AR A
R RN 254 - 8 O BE LA B AH 5 8 B 1 A7
FEA . Human 4 H Liv 28 ARG, @it
THEALIRIE 7RS4 = T3 B R, R 1
LR E S
3.1.2 LWt

APMF 7£ Python3.8 1 Pytorch 1.7.1 H1 5256,
bach_size K/N&E N 64, Adam fiLib#sir)2:>]
RIE A 5e-5. VB A Hida s HigiT
% 100 4 epoch. EFAEIIESE 25 H i fE
AUROC 7 $U AR, AR 5 s FH A2 3 S pF-Ai )
R F &R, ISB R REE S
7&: Intel(R) Core(TM) i7-9700K, GeForce RTX
2080 Ti.

2 2 BindingDB 1 BioSNAP ¥ 42 i M B8 HL 8

Table2 performance comparison on the BindingDB and BioSNAP datasets

Dataset Model AUROC AUPRC Accuracy Sensitivity Specificity
SVM 0.939 0.928 0.825 0.781 0.886
RF 0.942 0.921 0.880 0.875 0.892
DeepConv-DTI 0.945 0.925 0.882 0.873 0.894
BindingDB GraphDTA 0.951 0.934 0.888 0.882 0.897
MolTrans 0.952 0.936 0.887 0.877 0.902
DrugBAN 0.960 0.948 0.904 0.900 0.908
APMF 0.964 0.954 0.905 0.895 0.919
SVM 0.862 0.864 0.777 0.711 0.841
RF 0.860 0.886 0.804 0.823 0.786
DeepConv-DTI 0.886 0.890 0.805 0.760 0.851
BioSNAP GraphDTA 0.887 0.890 0.800 0.745 0.854
MolTrans 0.895 0.897 0.825 0.818 0.831
DrugBAN 0.903 0.902 0.834 0.820 0.847
APMF 0.909 0.915 0.843 0.830 0.855
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Table 3 Ablation study in AUROC on the BindingDB and
BioSNAP datasets

Model BindingDB BioSNAP
w/o fusion 0.941 0.883
wi/o drug 0.950 0.890
wi/o protein 0.953 0.892
APMF 0.964 0.909
Nk 3 fs, SKERIL, BARIUNRFIER R

[ &5 19 2 BH PR A 40 SRR AR LE il 2 1A
A, B RRIEANZ AAFAE R S A AR,
A FH SR SR AE B 21 5T B A RUCHEANAE 53— 43
g F Graph Transformer 4 K HLHI 3K, iX
HRAE SR FERE R BGE T DT A AR A
T B 55 B80T o« B % PR A A Rl A AR
o AT AR AN B LT RESS R,
UERT AT, $5 H PRBEAS il S A AT B T4 v T 1
PERES

323 BEHEEMSH

/& 5 BindingDB $i#E 4 LA RIS ST R ih &
Fig.5Learning curves with the different choices of
hyperparameters on the BindingDB

FE A SEE s S A8 AR R R 25,
5 j& BindingDB #i#a4E Fik A FMZSE T
AUROC [1JPERE, GFEER SIS R, 8
s R P ENIERZERA R, BEE
30 I 40 1~ epoch 2 AL, 1X A2 H T 7ERR 4E
FE R AIE 2% ) 5 7 B BE 25 5 2 21 & B REE
FA, T HASE I A 4 . [FIR R B 2k
ML AT DA 25 B AR AE S A e B, A SEB6 T
WL, HZSLEHBEE N 4 B, TN RE RS
D I 7 Sk RT RE R A Bl AR 2 R R e



R TR 2544

A R BVREE, T 2 B3 B Sk 1T R S BB A it
JEE DA A N AR R 4 S R 7, T 20 T B EE R
REAEAN S AR BALAE B A Id i =Sk T LARE 47
Hi PR N TR AR e, 5 B AR Y B 47 > Ak
FFTHIFEAS
3.2.4 JAT LAYEE S B REEL R
TS APMF R HAdR FE 27 2] FE 2R AR A
Al LR3I S B RE R I, 7E BindingDB
A1 BioSNAP AT [ AAMA S8 . T84
PEE, SZIGRENLER: 20% M2 M H . 2R
Ja VL 5 IR L 25 W B A ORI A DT A
T vERE (T0%VE AV MRS, 30% (1 5
RS, TR ZGYHE SO E A H TR I
SAE . WAL E A BRI IEAT SE5, H
F 4 nr5n, MEREEM AUROC 45 570 i 6L 75 B AL
%4> (Random Split, RS). & 244 (Unseen
Drug, UD). & JL¥E & (Unseen Target, UT)HI%E
B EWAN BRI HE . IR g HR
APMF 7t 6 /™ SE50 v B HR e, SEB TR 1R R
x4 FEBENLRISY . RABGPRKRME S RET
BindingDB F1 BioSNAP $#E4 iyt ik

Table 4 Performance comparison on the BindingDB and
BioSNAP datasets with random split

DeepConv  Graph

Setting MolTrans DrugBAN  APMF
-DTI -DTA
BindingDB
RS 0.945 0.951 0.952 0.960 0.964
ubD 0.943 0.950 0.945 0.959 0.960
) 0.627 0.670 0.661 0.692 0.701
BioSNAP
RS 0.886 0.887 0.895 0.903 0.909
ubD 0.856 0.858 0.856 0.886 0.892
uT 0.692 0.704 0.714 0.710 0.723
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