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Prediction of Drug-Target Affinity Based on Residual
Structure Graph Convolutional Network

JIN Haifeng, TAN Jiawei, LIU Ming
(College of Mathematics and Statistics, Changchun University of Technology, Changchun, Jilin 130012, China)

[ Abstract] Accurate drug target affinity prediction (DTA) can shorten the drug development cycle, save manpower and material
resources, and accelerate the drug development process. Graph Neural Networks (GNN) have been widely used in drug target affinity
prediction, but most of the existing methods are based on shallow GNN. Therefore, a graph convolutional network based on the
residual structure is proposed. The addition of the residual structure can deepen the network structure, thereby constructing a deep
graph convolutional network with 24 graph convolutional layers to capture the characteristics of drug molecules, learn efficient
embedding representations, and compare with several state-of-the-art machine learning or deep learning based models on two
benchmark drug target affinity datasets. The results show that the proposed model has better predictive performance than other
benchmark models, which verifies the effectiveness of the method proposed in this paper.
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Tab.1 Davis and KIBA datasets

Hpask EiL7Fiss HREAR HHTLARFXE
Davis 68 4 442 A 30 056 4~
KIBA 2111 A 229 A 118 254 A
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Fig.1 RGCN network architecture
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Fig.4 The drug target affinity prediction process of the model proposed in this paper
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HGIA Dropout 2. FRRMZEIZE, FEIIZRERESE
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2 i BRI AT 7 HE TR
EH 7 A A SCHF SRR S35 4R B Davis
YOS OS5I NG 2 R, 76 KIBA BORSE -

AULERXTEEUNZ 3 P W3R 8 FhREL AR AU 52
BARA A DeepDTA [YSEIREE R K AR 1 5 R 1E
o [AlIF, ASCX Davis Hl KIBA JSUAREHHAEIET T T
HORRI Oy, IR 8 1 : 1 A LIRS SR AR 2 i B
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Tab.2 Comparison results of the proposed model and baselines on the Davis dataset

i Bl e SRR MSE CI P T
DeepDTA CNN CNN 0.261 0.878 0.603
WideDTA CNN+LMCS CNN+PDM 0.262 0.886 —
GraphDTA GCN CNN 0.254 0.880 —
GraphDTA GAT CNN 0.232 0.892 —
GraphDTA GIN CNN 0.229 0.893 —
GraphDTA GAT-GCN CNN 0.245 0.881 —

DeepAffinity RNN RNN 0.253 0.900 —
DeepAffinity GCN RNN 0.260 0.881 —
DeepAffinity GCN CNN 0.657 0.737 —
DeepAffinity GCN HRNN 0.252 0.881 —
DeepAffinity GIN HRNN 0.436 0.822 —
KronRLS PubChem Sim S-wW 0.379 0.871 0.407
SimBoost PubChem Sim S-W 0.282 0.872 0.655
RF PSC ECFP 0.359 (0.003) 0.854 (0.002) 0.549 (0.005)
SVM PSC ECFP 0.383 (0.002) 0.857 (0.001) 0.513 (0.003)
AR A RGCN MCNN 0.218 (0.001) 0.903 (0.001) 0.735 (0.004)
R3 ANFRERSELRAE KIBA HiRE LRI
Tab.3 Comparison results of the proposed model and baselines on the KIBA dataset

i L e SRR MSE CI P T
DeepDTA CNN CNN 0.194 0.863 0.673
WideDTA CNN+LMCS CNN+PDM 0.179 0.875 —
GraphDTA GCN CNN 0.139 0.889 —
GraphDTA GAT CNN 0.179 0.866 —
GraphDTA GIN CNN 0.147 0.882 —
GraphDTA GAT-GCN CNN 0.139 0.891 —

DeepAffinity RNN RNN 0.188 0.842 —
DeepAffinity GCN RNN 0.288 0.797 —
DeepAffinity GCN CNN 0.680 0.576 —
DeepAffinity GCN HRNN 0.201 0.842 —
DeepAffinity GIN HRNN 0.445 0.689 —
KronRLS PubChem Sim S-W 0.411 0.782 0.342
SimBoost PubChem Sim S-W 0.222 0.836 0.629
RF PSC ECFP 0245 (0.001 ) 0.837 (0.000) 0.581 (0.000 )
SVM PSC ECFP 0.308 (0.003) 0.799 (0.001) 0.513 (0.004)
2 CATRIEE RGCN MCNN 0.150 (0.003) 0.891 (0.001) 0.791 (0.001)

2 2 AT UL, ARSCHrRAERIYE Davis £ AR
F KronRLS. SimBoost., RF. SVM X 4 T4,
BB TR 3 IR AR e R L

HI3ETE; [AIS AR T DeepDTA . WideDTA i3 fili ik
FURBE 2% 3] (K5 K GraphDTA . DeepA ffinity X Fiff
FEF GNN RERL, A SCIT PAR AL ) T o ety —
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Fig.5 Atom importance visualization for part of molecules
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R, 2 i S5 TR R B — R 7%
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