http://aammt. tmmu. edu. cn P 2275 R 22731, 2026, 48(4) 387

W - LRI
ATEREBRER A e NREGSHET

BT ETAL REAERE R (O SR ) 255 SR R R W R S R W TR L R

(F8Z ] A THfE(artificial intelligence, AL)if i 885 VR FE 2% > 2040 5 Z 240 28000, IEAE RGPk Hb
TIBRE M R A 5%, Mk sh H AL G 45 1Y “ 200 0K sl B =X, ) LA B8 3K o0 7 Fn Bk A i R A
OB IR BB A A A T IR R S e AU SRR SRR e UL D R WA HE AR IS A 2 Bk
0, AVREAGHE 1 5 WL UR BESS & S BE B B DA G A AL 1) “ Th e A 3 7 5 1B , Ay 2 v b A 4
HET 2. AREER RGARIE T ALTERE Wb A 224 DGR IR 15 A BT 0 H 5 MR 2 | A0 45928 Vi 0 bR
248 PR B AR T AT A e RIS e S JU IR T AR R TR v R R Y
A T H AZ O G | 22 SRR Z2 001 Oy J5 SR8 Ve O e v ALEOR (9 0 S A 4

[REIR ] N TS TREE 2= 2] 80 s vl

[FREZESZES] R319;R392.7 [XEkARERRE] A

Artificial intelligence reshaping vaccine development: a new paradigm of efficiency
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[Abstract] Artificial intelligence (Al) is systematically reshaping the entire vaccine research and
development pipeline through integrating deep learning architectures with multi-omics data. This facilitates a
paradigm shift from traditional trial-and-error empirical approaches to a novel rational design framework
centered on data-driven and algorithm-generated methodologies. Despite challenges including data
heterogeneity, model opacity, algorithmic bias, and lagging regulatory frameworks, Al enables a transformative
leap from structural mimicry to functional innovation in vaccine design wvia deep integration with
immunological mechanisms. This review comprehensively analyzes Al applications across key vaccine
development stages: target identification, antigen design, adjuvant screening, process optimization, clinical
trial design, and vaccine hesitancy mitigation. We particularly summarize recent tools, core architectures,
functional features, and representative cases for Al-powered rational vaccine design, providing actionable
references for future Al implementation in vaccinology.
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Table 1 Al-driven advances in rational vaccine design

Tool name Core architecture Input type Main features Validation case
DeepImmuno CNN Peptide sequence  Employs B-binomial distribution ~ Dengue virus, cancer neoantigens, SARS-CoV-2 0]
. Peptide sequence, . N .. . Lo ) . [10]

MHCnuggets LSTM MHC /10 alleles Single-model universal prediction Neoantigen prediction across 26 cancer types

BERTMHC Transformer Peptide sequence, Excfellent perf()rman(:fe in MH‘C—.II Improved accuracy in pre(‘hctlr%%ll]\/lHC—H molecular
MHC sequence  binding and presentation prediction interactions

GraphBepi EGNN, BiLSTM Prr{leln structure, Integrates 3D'structurfﬂ and Validated on B-cell epitope datasets (13
ESM-2 sequence sequence information
Peptide - MHC Inteerat o vanalleli Epitope presentation prediction on 45 000 MHC-eluted

BigMHC DNN Ensemble mass-spectrometry cgrates Sev? l]?a atenie ligand samples mixed with 900 000 negative

data, etc fmodets samples 1l
deepBCE-Parasite Transformer Peptide sequence  Optimized for parasitic pathogens B-cell epitope prediction for Fasciola hepatica LAP

Improved accuracy for distantly
homologous protein structure

ThreaderAl Deep ResNet structural features
DMPfold [terative Modeling ~ Amino acid sequence
RoseTTAFold Three-track Neural Amino acid sequence

Network

Supervised transformer

trRosettaX-Single .
protein language model

AstraMEV RFdiffusionProteinMPNN  Genomic sequence

Physics-based energy

. Protein structure
function

Rosetta

Bayesian Active

. Bayesian optimization
Learning i P

Material descriptors

Compound structural
descriptors

QSAR moodel

support vector machine

modelin,

Low sequence-number
requirement

Integration of sequence and
structural information

Amino acid sequence Optimized for single-sequence input

Conservative epitope screening

Rational design of self-assembling
protein nanostructures

Active learning cycle

Uses SA algorithm to screen the
most discriminative molecular

protein

Demonstrated excellent performance across multiple

. benchmarks 2

High-accuracy model prediction based on CASP12
domain sequences ~°

Achieved structure-prediction accuracy close to
DeepMind in CASP14; aids in solving modeling
challenges o

Prediction accuracy surpasses AlphaFold2 and
RoseTTAFold on orphan and designed proteins (321

Multi-epitope vaccine design against infectious
e 3
bronchitis virus "

Design of symmetric four-component protein
nanocages

Successfully applied to screening 3 119

two-dimensional hexagonal binary compounds (29

Applied to classification and activity prediction of
CDK2 inhibitors \**

descriptors

SE Lk
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