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Abstract

Protein-ligand binding affinity is an important indicator of the strength of protein-ligand interac-
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tions. Accurately predicting protein-ligand binding affinity is crucial for discovering new applica-
tions for drugs. To date, many computational techniques have been developed to predict binding
affinity. However, some of these technologies require uncommon protein three-dimensional
structures, and some methods also represent ligands as SMILES strings that are not appropriate
representations of molecules. To avoid these issues, this paper develops a new model called
GraphPLA, which uses protein binding pockets with unique features of directly binding ligands as
local input features. Extended convolution is also used to capture multi-scale remote interactions
of proteins, and a graph neural network is used to learn the graph representation of ligands. The
experimental results show that the RMSE of GraphPLA is 1.388, MAE is 1.118, R is 0.795, SD is
1.345, and CI is 0.796, which is superior to the most advanced prediction methods and can effec-
tively predict protein-ligand binding affinity.
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Figure 1. Length statistics for all study data
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Figure 2. The GraphPLA architecture. Includes three modules: data processingmodule, feature extraction and pooling
module, and feature integration and processing module
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Table 1. Manifestation of GraphPLA
%% 1. GraphPLA YR

Datasets RMSE MAE R SD CI
Test 1.388 1.118 0.795 1.345 0.796

Validation 1.366 1.106 0.805 1.322 0.799

Training 1.015 0.775 0.841 1.107 0.806

Table 2. Manifestation of GraphPLA and other competing methods on the core 2016 test set
% 2. GraphPLA FAEfh 75 E7E 2016 ik &£ LRI

Methods RMSE MAE R SD CI
GraphPLA GAT-GCN 1.388 1.118 0.795 1.345 0.796
GraphPLA GCN 1.392 1.121 0.795 1.351 0.792
GraphPLA GAT 1.396 1.126 0.796 1.348 0.789
DeepDTA 1.443 1.148 0.749 1.445 0.771
Pafhucy 1.418 1.129 0.775 1.375 0.789
TopologyNet 3.713 3.151 0.173 2.142 0.555

4.1. 5XESTENLERE

ASCRME B 1 = Fl iR FE 2% 31 777 DeepDTA [6]+ Pafnucy [2]#1 TopologyNet [5]5 GraphPLA #E4T
Edt. % 2 B T = AN[E ) GraphPLA #7145 PDBbind $i#i4E FEUA MR PERE, R IR I H0AS A 2
GAT-GCN. Kk, fEZEr%gHorthrh #%E+ T GAT-GCN.

W% 1 fizn, {E PDBbind %48 & FXF GraphPLA FTEREREAT T P44, 7E% 2 ¥, GraphPLA R
e F HoAth [F) 25 559% . 5 DeepDTA . Pafnucy F1 TopologyNet # Lt , GraphPLA ) RMSE(1.388) 5 /i . GraphPLA
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A R N 0.795, b DeepDTA 1401 6.1%, Eb Pafnucy ¥ 01 2.5%, Et TopologyNet #4/i1 61.6%, CI A
0.796. 5 DeepDTA. Pafnucy. TopologyNet 5 iZAH L, %5 57E MAE. SD %14 feietr LA 2T,
WIZE 3 fan, X7 test 105 5, GraphPLA FEVERf 175 LT HoAd v] LS B9 . Ik 4 B, JEXT test 71
HBEAT TR . S5 KW, GraphPLA W] DL v T 56 A0 /7 .

Table 3. Accuracy of GraphPLA’s predictions and those of other competing techniques on the test 105 set
7z 3. GraphPLA FAE M5 E7E test 105 SR ERIRIY

Methods RMSE MAE R SD Cl
GraphPLA 1.134 0.881 0.802 1.116 0.804
DeepDTA 1.425 1.134 0.652 1.432 0.738

Pafhucy 1.392 1.169 0.750 1.176 0.782

TopologyNet 4.143 3.841 0.444 1.530 0.646

Table 4. Accuracy of GraphPLA’s predictions and those of other competing techniques on the test 71 set
< 4. GraphPLA FIE M5 ETE test 71 £ ERIFRIN

Methods RMSE MAE R SD 1
GraphPLA 1.118 0.867 0.807 1.103 0.807
DeepDTA 1.144 1.144 0.417 1.527 0.641

Pafnucy 1.442 1.210 0.427 1.230 0.628

TopologyNet 4.157 3.913 0.192 1.308 0.559

Table 5. Accuracy of GraphPLA’s predictions and those of other competing techniques on the 2016 test set
% 5. GraphPLA ME A T5EAE 2016 KSR LRI

Models RMSE MAE R SD CI
Without local features 1.511 1.266 0.736 1.488 0.764
Without physicochemical characters 1.404 1.186 0.762 1.396 0.779
Without dilated convolution 1.403 1.154 0.771 1.374 0.782
Without SSEs 1.402 1.117 0.784 1.365 0.789
GraphPLA 1.388 1.118 0.795 1.345 0.796
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