- 1180 - 2% %R Acta Pharmaceutica Sinica 2026, 61(4): 11801189

AT EREAEMMN LI PRI F it R

’Fe BT Mg

(1. Vo[ R K2, PRI R H AR E S 7 B4 TRESLIR =, W Fg FFE 475004; 2. L2598 7 it T84 o,
i 201203; 3. EWEKAEDHARFIRAF, L 201712)

TEE: ARG MU R E BRSPS I8 IR B AR 1 ) S s R S8 AIE, 3 5 B a1 A 7 A L
AERINFRAL. ML, N TR EE (artificial intelligence, AT) F& 8% (4 5 £ A0 #1550 25 07 T ) B R 35 EAS Wy
HES LR 250t R B (325, 76 TR BT R 25440 A R AN DR AL BB oA e 90 S5 T R P R A, B R e T 9L
Wi a2 . Rk, AR SO MER AL T PR RIS BT B B0H KB S Bk, I 8 BT AR Gtk R LTI 1
SRR, A B ATIRE) B Ui 2 e R B ks R 5

EHEIR): PUikEh; N R, AT 540 51k

FE 5SS RI14 ERFRIZES: A X EHE: 0513-4870(2026)04-1180-10

Advances of artificial intelligence in the discovery of antibody
MIN Xue'?, HUO Zi-rui’, TAO Wei-hong'**

(1. Joint National Laboratory for Antibody Drug Engineering, Henan University, Kaifeng 475004, China; 2. Molecular
Imaging Center, Shanghai Institute of Materia Medica, Chinese Academy of Sciences, Shanghai 201203, China;
3. Shanghai Constream Biotech Co., Ltd., Shanghai 201712, China)

Abstract: Conventional antibody discovery paradigms mainly rely on animal immunization and hybridoma
screening, which results in long development lead times, high costs, and a low success rate for antibody
therapeutics. Recently, artificial intelligence (Al) is constantly driving the progress of antibody drug research and
development technology with advantages in large-scale proteomic data processing. It plays a great important role in
the prediction of antibody structure and de novo generation of target-specific sequences, which also substantially
enhances the hit rate of drug candidates. Therefore, this article aims to summarize recent developments and
challenges in the application of Al technology to antibody discovery and design, while also considering the
limitations to traditional methodologies. Hope to provide practical guidance for Al-driven antibody drug
development.
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Figure 1 Artificial intelligence for antibody discovery
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Figure 2 Common Al-based models for antibody design. A: The training and inference process of antibody language models; B: The train-

ing and inference process of diffusion model
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Table 1

Summary of antibody-specific language model. OAS: Observed antibody space; CDR: Complementarity-determining region;

SAbDab: Structural antibody database; PlaAbDab: Patent and literature antibody database; CoV-AbDab: Coronavirus antibody database;

MSA: Multiple sequence alignment; ADB: Antibody database; INDI: Integrated nanobody database for immunoinformatics; PDB: Protein

data bank; KNN: K-nearest neighbor

Application Model Database Character
Antibody IgLM OAS Leverages bidirectional context for designing; conditioned on chain type and species
design PALM-H3 OAS Design CDR H3 sequence based on antigen-antibody pairing data
p-I1gGen OAS Generate low immunogenic sequences and matching antibody sequences
MAGE SAbDab, PlaAbDab, Generate paired heavy and light chain sequences without template antibody or
CoV-AbDab protein structural information
IgHuAb OAS, PlaAbDab De novo generation of specific paired antibody sequences
Structure tFold-Ab SAbDab End-to-end prediction of backbone and side-chain conformations without MSA
prediction IgFold OAS End-to-end prediction of paired antibody atomic coordinates
xTrimoABFold ADB Template search without MSA based on modalities of sequence and structure
BALMFold OAS, SAbDab Prediction of full atomic structures, antibody functionality and the evolutionary
trajectory without MSA or templates
Sequence AbLang OAS Sequence recovery without antibody germline information; generate three different
recovery types of antibody sequence representations
IgBlend OAS, SAbDab, PlaAbDab, Strong generalization ability; multi-modality encoder integrate structural and
INDI sequential data
IgBert, 1gT5 OAS Learn inter-chain features from paired data; sequence recovery and binding affinity
prediction
proseLM SAbDab, PDB, CATH 4.2  Incorporate structural and functional context
Sequence AntiBERTy OAS Study the process of antibody affinity maturation
optimization ~AbBERT OAS Assess sequence immunogenicity and optimizing antibody CDR sequences
AntiBERTa OAS, SAbDab Provide self-attention heatmaps to enhance model interpretation; prediction of
antibody binding epitopes and antibodies humanization
BERT2DADb OAS Incorporate antibody secondary structure information; screen binding sequences and
predict binding affinity
PLAN OAS KNN model retrieves similar human antibody amino acids; D value guides the
reverse mutation of key residues
REALM OAS Embed co-evolutionary information of antibody regions and structures; detect

antibody hydrophobicity and thermal stability

3 RESRE

AT AN [ WL i) 0155 v 7E b 3 P KT A2 % 1) Bt A
Hd iy A AT BRI S . A FEE A E il PR b A
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IEEES g5 B, 5 — 5 T AT St o A5 48 s i $ it
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