il maelE A

o

—

=

ISSN 2383-630X(Print) / ISSN 2383-6296(Online)

Journal of KIISE, Vol. 52, No. 5, pp. 415-423, 2025.5

k13

=

https://doi.org/10.5626/JOK.2025.52.5.415

% Bug-g e

A3 A s AF
(Protein-Ligand Binding Affinity Prediction Using Protein
Modality Alignment)

+ =y
of 2 2 o

(Seungyong Lee) (Sanghyun Park)

2 % A FREH E5S 98 B gulER 52 A ASEE Ad BAE AEse e B
2 A3 Aol Fasith JEds %%?l’ Sl -zt A3 W3 oF mhe 7|E Agy H
He] A 9 ARE 28 FAE E8F0E AT F v dikeE FETT k. 7|E WHEL 3t
9] 2D ¥z HEYS ARESte 3ad FFrelA e JAA FEAES FES] RAYsA Rite 28
A FAE Adeh. =3 ilds ndYgd uf Ad 9 Fx 59 JEE ARESATL o] 59 9F #AE
2o FYtA] Kk BAVE EAT. £ dFe 9ude tE REYE(XE, FF, ®9) R A
4 71E AEH gt= ARl SE(3)-invariant L MRS £33 2L PEd ZHIYIE A
Qkgth AlRbd e 7]E Hjojxgljl REERT Hold AeS BYOm, Ablation studyE T3l o

e meejE 23 3D e JR| F84e AT

Y= @ d-gis A3 33 %, DTA, ©83d w28, SE(3)-invariant 122 4177

©

Abstract Identifying molecules with high binding affinity to a target protein for drug candidate
discovery requires significant resources and time. Deep learning—based protein-ligand binding affinity
prediction research plays a crucial role in addressing this challenge. Existing studies have utilized
protein sequence and structural information along with ligand 2D structures. However, they have
limitations in fully capturing complex interactions. Additionally, while sequence, structure, and surface
information are used for protein modeling, previous approaches have struggled to incorporate their
dependent relationships into the model. In this paper, we proposed a model that could inject these
dependencies by aligning protein sequence, structure, and surface information based on sequence data.
Furthermore, our model leverages both 2D structure of the ligand and its 3D representation using an
SE(3)-invariant graph neural network. The proposed model outperformed existing baseline models. An
ablation study demonstrated the importance of aligning different protein modalities and incorporating
both 2D and 3D ligand information.
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Fig. 1 Visualization of ligand structures in 2D and 3D
for 3D protein structures
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Fig. 2 Tllustration of the relationship among three modalities of protein (sequence, structure, surface)
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Table 2 Performance evaluation results according to presence or absence of ligand 3D graph, type of transformer

encoder, and protein modality alignment

Ligand 3D graph Transformer encoder Alignment module
w/o w/ Sequence  Surface  Seq.+Surf. w/0 w/ Combined
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