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PUBLIC SUMMARY

= Artificial intelligence (Al) accelerates vaccine design for protein subunit, viral vector and mRNA platforms.
= Al revolutionizes vaccine development by modeling immune response and accelerating clinical trials.

= Al-driven strategies may enhance the efficacy of next-generation vaccines, improving pandemic preparedness.
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Although vaccines have been designed to be safe and effective, it still takes
years to move vaccine development from benchside to bedside. Novel
strategies are needed to accelerate the vaccine design process. Artificial
intelligence (Al) has started to play an important role in the life science
industry. In this review, we summarized progress of Al-assisted vaccine
designs in three areas, including de novo protein subunit design that
focuses more on the immunogenic part of the antigen, viral vectored-based
vaccine innovation that combats pre-existing immunity, and mRNA vaccine
platform optimization that improves stability and translational efficiency.
Additionally, we also address the multifaceted challenges associated with
integrating Al into vaccine development, encompassing technical, ethical,
and regulatory considerations, and offer strategic recommendations to
navigate these complexities. Al-driven methodologies hold the promise of
revolutionizing next-generation vaccine design by improving safety profiles,
stability, immunogenicity, and overall efficacy, thereby strengthening global
preparedness against emerging infectious threats.

INTRODUCTION
A new era of vaccine development using artificial intelligence (Al)

The outbreak of the coronavirus 2019 disease (COVID-19) pandemic has
witnessed a surge in vaccine research and development, with numerous
research teams and companies competing to develop effective vaccines.
COVID-19 vaccination is estimated to prevent 14.4 million deaths within one
year and has brought a huge impact on world health." Vaccine research is
constantly updated from formulations to delivery routes. First-generation
vaccines include live-attenuated and inactivated vaccines that contain intact
but weakened or dead pathogens.” As one of the most representative
achievements in live-attenuated vaccines, the measles mumps and rubella
(MMR) vaccine has saved millions of young lives worldwide.” For inacti-
vated vaccines, both inactivated vaccines from Sinovac and SinoPharm had
been authorized for emergency use in fighting against COVID-19 by the
World Health Organization (WHO).®" Other vaccines produced to protect the
body from hepatitis B, influenza, and Japanese encephalitis virus infection
were also inactivated. Although they are regarded as inducing the most
biologically similar immunity, these techniques rely on large-scale live virus
cultivation, isolation, propagation, and purification.

Protein subunit, vector-based, and nucleic acid vaccines are developed to
guide our immune system in recognizing antigens more efficiently and thus
stimulate a more robust immune response (Figure 1). Protein subunit vaccine
that contains antigenic fragments of the pathogen elicits more direct and
robust immune responses and eliminates adverse reactions caused by
redundant components at the same time.”” However, the production of the
protein subunit by recombinant technology may alter its original pathogen's
secondary or tertiary protein conformation, directly influencing the antigen
specificity. Besides, sometimes protein subunits alone are insufficient to elicit
a strong immunogenic response, and thus both adjuvant and extra booster
doses are required. Vector-based vaccines, including the adeno-associated
virus (AAV) vaccine, lentiviral vaccine, and adenoviral vectors vaccine, effec-
tively induce CD8" T cell response for long-term immunity.'”"® Adenovirus
type-5 (Ad5) (Convidecia developed by CanSino Biologics), Ad26
(Ad26.COV2.S developed by Johnson & Johnson), and ChAdOx1 (AZD1222
produced by AstraZeneca) were involved as vaccine platforms in SARS-CoV-
2 vaccine development right after COVID-19 outbreak.'"'® They function by
integrating target genes of pathogens into a harmless virus to mimic the
infection process, triggering protective immunity against the targeted
pathogen-associated molecular patterns (PAMPSs). Ad5 has demonstrated its

efficacy as a delivery vector for vaccines against symptomatic or severe
COVID-19 diseases in (i) homologous or heterologous booster vaccination
strategy, (i) monovalent or multivalent, and (iii) aerosolized or intramuscular
administration way.'*'® However, pre-existing immunity sometimes damp-
ens the efficacy of many viral-vectored vaccines. Nucleic acid vaccines,
including DNA (as DNA plasmids) and RNA (as mRNA) vaccines, exhibit their
abilities to induce dual (humoral and cellular) and durable immune responses
via different mechanisms.'” Clinical trials of mMRNA vaccine have been exten-
sively reviewed, showcasing its potential as a promising alternative to
conventional vaccine approaches.”””' However, due to mRNA's low stability
and easy degradation, storage and transportation of MRNA vaccines require
fastidious, cold-chain conditions, creating insurmountable obstacles to
preservation in less developed countries.”

Vaccine development includes candidate vaccine design and evaluation,
pre-clinical and clinical phases, large-scale manufacturing, and regulatory
approval (Figure 1). For most infectious diseases, it takes more than a decade
to go through the whole process, as each stage begins when the previous
stage is completed, in which candidate vaccine design and evaluation typi-
cally consume five or more years. The manufacturing process has gradually
transitioned from traditional platforms to genetically engineered technologies,
making vaccine development towards reliance on computational modeling
instead of tedious batch screening, offering a more systematic, efficient, and
safe way to produce novel vaccines. Catalyzed by the COVID-19 pandemic,
vaccines for infectious diseases were developed and produced at an
unprecedented speed, with technical details encompassing strategies to
combat SARS-CoV-2 variants and enhance the efficacy of novel delivery
system.

Artificial intelligence (Al) refers to computer systems that are adept at
executing intricate tasks, simulating the traditionally unique capabilities and
intelligence of a human being (Figure 1).”*** Machine learning (ML) is a
subset of Al, while deep learning (DL) is a subfield of machine learning
(Table 1, see details in Table S1).”” ML refers to computer programs that
automatically learn from and adapt to new data.” It could be further catego-
rized into supervised, unsupervised learning, and reinforcement learning. The
most significant difference between them is that supervised learning models
have a baseline understanding of the correct output values, that is, the
labels.”* ML-guided B and T cell epitope discovery and antigen prediction
have been extensively reviewed.”’ DL is a significant advancement over tradi-
tional machine learning that it autonomously determines weights. Emulating
human neuron connection enables automatic learning using multilayered
artificial neural networks (ANN) trained on vast amounts of data. Within
hidden layers, DL algorithms iteratively extract sample information and
perform calculations repeatedly, progressively improving the accuracy over
time with increasing dataset size and generating predictions at the output
layer.”® Alphafold, trRosetta, and RoseTTAFold are three representative DL-
based protein structure prediction tools.””' These protein prediction models
pave the way for Al-based de novo vaccine candidate antigen generation.
Large language models (LLMSs), which is built upon the transformer architec-
ture, are artificial neural networks operated by training extensive text datasets
to learn patterns and relationships between words, grammar, and phrases
(Table 1). LLMs have been successfully utilized in drug discovery and anti-
body and protein sequence generation.”** Generative protein language
models disassemble functional protein features to amino acid sequences and
learn to generate grammatically and semantically correct proteins, which
holds the feasibility of expanding usage to variant effect prediction and novel
drugs or vaccine immunogens creation.”® Extensive studies have reviewed
how generative LLMs contribute to medical research and healthcare.”’
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Figure 1. Brief introduction to vaccines and Al Left, currently available vaccines could be classified into five general types, and the vaccine development process contains four
steps as shown in the lower left panel. Right, Al is involved in many areas. Machine learning is a subset of Al, which could be further divided into supervised learning, unsuper-
vised learning, and reinforcement learning. Deep learning is an evolution of machine learning. For the most upgraded large language model, it is a computational model capable

of comprehend and generate language after learning.

Table 1. Al-related technical terms

Concept Terms (and examples)

References

Machine learning (ML): A subset of Al
that involves algorithms allowing Unsupervised learning
computers to learn from and make Semi-supervised learning
predictions or decisions based on data. Reinforcement learning

Supervised learning

Deep learning (DL): An advanced subset
of ML utilizing multilayered artificial
neural networks to model complex
patterns in large datasets.

Convolutional neural networks

Generative adversarial networks
Variational autoencoders (Protein variational autoencoders)

Generative models: Al models designed
to generate new data instances by
learning the underlying structure of
input data.

Transformer architecture

Flow-based

Large language models (LLMs): Al
models based on transformer

generate human-like text by learning

from vast amounts of textual data. Evo2)

39,40

Artificial neural networks (Autoencoder, RosettaFold2)

4

Recurrent neural networks (Long short-term memory networks, Self-attention mechanisms)

42-46

Diffusion models (RFdiffusion, AlphaFold3)

Generative pre-trained transformer (ProtGPT2, Large language model Meta Al, ProLLaMa)
Bidirectional encoder representations from transformers (PeptideBert)

architectures that can understand and  Text-to-text transfer transformer

Protein language models (Evolutionary scale modeling, ProGen, UTR-LM, xTrimoPGLM, Evo/

34,47-54

Empowered by Al technology, we are managing to go opposite the way
“central dogma" does, which begins with protein function exploration, to
structure arrangement, and then to amino acid or nucleic acid sequences.**

Currently, Al technology is increasingly integrated into biomedical develop-

ment pipelines such as facilitating earlier disease detection, advancing drug
discovery, diversifying clinical trials, and evaluating drug-target

interactions.”*** Moreover, Al algorithms, profoundly with bicinformatics, now
present researchers with the potential to expedite vaccine development,
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including predicting potential antigens, identifying evolutionarily conserved
regions, and assessing antigenic epitopes with high immunogenicity.”"*" In
order to provide more detailed technical reference, we review the advance-
ments of vaccine optimization in three fields under the support of Al technol-
ogy, including protein subunit vaccine design, innovation of viral-vectored
vaccines, and modification of mRNA vaccines. Large-scale data training
instead of labor-intensive experiments position them as promising frontrun-
ners for future vaccine design. These enumerated advancements would facil-

itate and accelerate the vaccine preclinical development process.

Al-based protein subunit vaccine design

Ideal protein subunit vaccines assist in redirecting the immune system to
specific regions of the pathogens, thus triggering epitope-specific immune
responses. Such vaccines may have significant advantages over conven-
tional vaccine design routes, as the cautious assortment of the protein
components eliminates the possibility of our body being exposed to inflam-
matory antigenic areas that do not elicit protective immunity while mimicking
the original structure of epitope, a prerequisite in stimulating epitope-specific
antibodies.

Respiratory syncytial virus (RSV) is a highly contagious virus that causes
low respiratory tract inflammation with cold-like symptoms in children and
the elderly. In the previous study, Correia et al. developed a computational
method called Rosetta Fold From Loops (FFL) to design protein antigens with
full backbone flexibility.” The small, thermally, and conformationally stable
protein scaffolds can accurately maintain the tertiary structure of an epitope
from RSV fusion glycoprotein, and more importantly, they successfully
elicited neutralizing antibodies in non-human primates. Although this method
is limited to single and linear epitopes, it highlights the potential for computer-
assisted methods to generate effective vaccine immunogens. One major
bottleneck for the above strategy is the lack of known, ready-to-use
templates to fit the structural repertoire of the target epitope. With the devel-
opment of a large language model, scientists gradually achieve the goal of
protein antigen de novo design in which protein backbones are assembled in
silico. Castro et al. described a de novo protein antigen design methodology
called RFjoint2 Inpainting that can host up to three structurally distinct motifs
of RSV simultaneously in a single scaffold (Figure 2A).°" The finding that
these multi-epitope immunogens show high binding affinities to all three
antibodies marks the success of Al stepping towards the next generation of
de novo protein design with multiple epitopes. The generated immunogens
with higher epitope-scaffold ratios are structurally accurate and show
broader neutralization profiles than the single epitope.

Besides antigen de novo design, Al can also assist in the design of
nanoparticles for multivalent antigen presentation.”” A milestone for Al-based
COVID-19 vaccine design is that SKYCovione™ (GBP510 adjuvanted with
AS03) won full approval in South Korea in 2022 and in the UK in 2023 under
the collaboration of King's Lab at the Institute for Protein Design, SK
Bioscience, and GlaxoSmithKline (GSK).**** Results from a Phase Ill clinical
trial showed that SKYCovione™, the protein nanoparticle vaccine that
contains 60 copies of the receptor binding domain (RBD) from the ancestral
SARS-CoV-2 strain, is safe and more immunogenic to induce neutralizing
antibody responses against the viral strain in comparison to AstraZeneca's
Vaxzevria (NCT05007951).°“° Besides, the GBP510-Beta variant booster
dose demonstrates immunogenicity and protective efficacy against chal-
lenges with SARS-CoV-2 Delta subvariants in rhesus macaques.”” The de
novo nanoparticle tailored for self-assembly and multivalent antigen presen-
tation was further developed by Ueda et al®® They firstly assembled
monomeric repeat proteins into C3-symmetric trimers by precisely position-
ing C termini of the viral glycoproteins to the N-terminal of trimeric helices,
and validated trimers called fusion components were then docked pairwise
with de novo designed symmetric homo-oligomers, namely assembly
component, to generate tetrahedral, octahedral, and icosahedral nanoparticle
configurations (Figure 2B). Three types of viral glycoprotein that adopt
trimeric conformation were utilized to confirm the design: influenza, HIV, and
RSV. Results showed that in each case, the relevant viral glycoproteins could
attach themselves to the scaffold and assemble themselves into nanoparti-
cles with predicted geometrical shapes, showing high binding affinities to
respective monoclonal antibodies during experimental characterization.

Al-assisted protein subunit vaccine design is not restricted to vaccines
combating infectious diseases and scaffold construction. A personalized
peptide-based cancer vaccine, EVX-01, that elicits immune responses target-
ing tumor neoantigens developed by Al has entered phase Il clinical trial
(NCT05309421).”” More recently, a new breakthrough has been made in
protein de novo design. ProteinGenerator is a sequence space diffusion
model that generates both desired protein structures and sequences based
on RoseTTAFold, which holds great promise to be further utilized in protein
subunit vaccine development due to its flexibility in multi-state protein de
novo design.”

Beyond de novo immunogen designs, Al models can also help improve
conformational stability, immunogenicity, and expression level of antigens.
Liang et al. and Che et al. introduced amino acid point mutations aided by
computational approaches, maintaining the RSV F protein in a highly
immunogenic prefusion stable state, and enhancing protective immunity.”""
For undesirable antibodies elicited by foldon trimeric tag which is commonly
used in most RSV vaccines, the team at Janssen Vaccines and Prevention BV
utilized tools such as the molecular dynamics engine and the Rosetta struc-
tural prediction to identify key unstable regions during trimerization process
of the RSV F. By optimizing these regions, they developed the first stable RSV
preF trimer vaccine without the need for heterologous sequences.” Bakkers
etal. also developed an Al model named ReCaP to optimize human metap-
neumovirus fusion protein charged and solvent-mediated interactions.”* They
found that an additional cleavage event in the F protein enables the auto-
matic and correct folding of the trimer into its prefusion conformation.
Besides, by adding computational designed mutations, SARS-CoV-2 demon-
strated higher yields and increased immunogenicity.”

Al-based viral vectored vaccine innovation

Adeno-associated virus (AAV) is a single-stranded DNA dependopar-
vovirus. Due to its high thermostability and low pathogenicity, AAV has been
proven to be safe and effective as a versatile vaccine vector.”*"® There are
several serotypes of AAV with different receptors, among which AAV type 2
(AAV2) was first modified and approved by the US Food and Drug Adminis-
tration as a powerful gene transfer toolkit for retinal disease treatment.”**
However, pre-exposure to AAV may compromise vaccinal and therapeutic
efficacy. Indeed, by design, epitopes available for neutralizing antibodies
binding exist at many locations across the capsid surface. This strategic
placement renders antibody neutralization impervious to random mutation,
error-prone mutagenesis, or random shuffling between AAV serotypes of
capsid protein as the resultant sequences remain a high similarity to the
natural isolates.”” ™

Based on high-throughput DNA sequencing results, Ogden et al. trained ML
models using dataset-architecture combinations to guide the design of func-
tional and highly diverse capsid protein of AAV2 variants (Figure 3A).”* The
researchers first conducted saturation mutagenesis and next-generation
sequencing on a 28-amino acid segment of the AAV2 VP1 capsid protein.
This segment encompasses diverse structural domains, including buried
regions, surface exposures, and interfacial zones, and overlaps both known
heparin and antibody-binding sites. To generate large datasets for training
ML models, they assembled various combinations: complete single muta-
tions plus random double mutations (C, + R,), complete single mutations
plus random muiltiple mutations (C; + R;g), and random multiple mutations
plus additively designed mutants (R + Agg). These datasets were then used
as inputs for three different model architectures: logistic regression (LR)
model, convolutional neural networks (CNNs), and recurrent neural networks
(RNNs) (Figure 3A, left panel). For the sequence generation workflow of each
dataset-architecture combination, they trained an ensemble comprising 11
randomly initialized replica models. The average score derived from each
ensemble was used to rank an extensive collection of 2.1 hillion sequences.
Model-selected sequences were then obtained by ranking candidates gener-
ated at random by model ensemble score. Top candidates underwent an
intensive process of 20 iterative design cycles to obtain model-designed
sequences (Figure 3A, middle panel). The research resulted in 201,426 resul-
tant variants, of which 110,689 were viable and maintained the ability of
assembly and genome packaging. Half of these viable proteins with 12—29
mutations across this region possessed a higher infection and delivery activ-
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Figure 2. Al-assisted protein subunit vaccine design (A) Workflow and evaluation process of de novo RSV epitope—focused immunogen designs. Specific RSV epitope and its
detailed binding information to neutralizing antibody was chosen as input for de novo vaccine immunogen design. /n silico computational protein design strategies were used to
generate novel backbones tailored for epitope display. The design was upgraded to involve three epitopes in a single immunogen. Secondary structure was evaluated to confirm
its epitope display ability. Binding and neutralizing antibody titers were measured to evaluate the immunogenicity of the designed proteins. Halluc. Hallucination, MPNN Protein-
MPNN, adj. adjusted. (B) De novo protein scaffold design to increase antigen multiply display efficiency. For the computational design process, several candidate scaffolds
(fusion component and assembly component) were generated, and top designs with an estimated high chance of conducting self-assembly were experimentally verified. At last,
the antigen of the model organism was docked onto the nanoparticle via the fusion component. For the biophysical characterization process, the diameter of the designed
trimers incorporated in the designed nanoparticle was measured. Electron micrographs were randomly picked representing their actual morphology after self-assembly. The
binding affinity of the targeted antigen was also measured.
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Figure 3. Al-assisted viral vectored vaccine innovation (A) De novo generation of AAV capsid protein. Left panel, training of machine learning model. Next-generation sequenc-
ing results and a complete single mutation dataset indicating viable or nonviable mutations were set as input. Input data was manipulated by complete (C), random (R), or addi-
tive (A) sampling strategies and were further allocated into three training datasets: complete singles + random doubles (C; + R,), complete singles + random multiples (C; + Ryo)
and random multiples + additively designed mutants (R + Asg). The subscript number indicates the maximum number of mutations relative to WT. Each dataset was used to
train three ML models: logistic regression (LR), convolutional neural network (CNN), and recurrent neural network (RNN). For each of the nine resultant dataset—ML model pair-
ings, they implemented an ensemble of 11 randomly initialized model replicas and subsequently employed the average model score derived from each ensemble to rank 2.1
billion sequences. Middle panel, sequence generation part. Top-ranked sequences were selected as seeds and were used to generate new sequences that hold similar functions.
The viability and diversity of synthetic sequences were validated experimentally. (B) De novo generation of adenovirus hexon sequences. Schematic illustration of protein varia-
tional autoencoder (ProteinVAE) model that is used to produce novel hexon sequences. For encoder network, the pre-trained language model ProtBert converts the sequence
information to a linear layer. Decoder network takes the vector representation of the input, after going through the neural network and self-attention modules, the amino acid with
the highest prediction probability at each position was selected and output sequences were created. Distinguishing from the traditional AE model, VAE model contains an extra
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surface area (SASA) were compared. At last, phylogenetic analysis was conducted to verify that the generated sequences belong to the identical phylogenetic clade but are diver-
gent from existing serotypes.

ity than wild-type AAV2 virus, confirming the ability of ML models to gener-
ate functional protein sequences divergent from any natural homolog
(Figure 3A, right panel).

Adenoviruses (Adv) are non-enveloped double-stranded DNA viruses that
cause mild respiratory diseases. Adenoviral vectors, with their high gene
transduction efficiency, large payload capacity, and broad tissue tropism, hold
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significant promise as a vaccine antigen delivery vehicle. However, a
considerable portion of the human population possesses pre-existing anti-Ad
immunity acquired from previous natural infections, especially in childhood,
which is reported to affect the adenoviral vaccine immunogenicity.” Despite
this challenge, the potential of adenoviral vectors offers hope for the future of
vaccine development. The hexon is the most abundant protein that forms the
icosahedral faces of the capsid and it is also the primary target of anti-Ad
neutralizing antibodies.”” The previous strategy to lower the global preva-
lence of pre-existing nAbs is to use rare serotype adenoviral vectors.” Lyu et
al. from the University of Toronto presented a generative model called protein
variational autoencoder (ProteinVAE) that can design synthetic hexons with
highly distinguished sequences using only 124 million parameters
(Figure 3B).*” Distinguishing from traditional autoencoder language models,
ProteinVAE holds an extra part, the latent space, between encoder and
decoder networks. This 'latent space’ is a conceptual space where the model
learns physical-chemical features from discrete protein sequence space and
converts it to a continuous space for ease of sampling and manipulation
(Figure 3B, left panel). Although being divergent from existing clades in
sequences, generated hexons are indistinguishable from natural vector coun-
terparts without disturbing their protein folding, particle assembly, or cell
transducing functions (Figure 3B, middle panel). They further predicted in
silico that the accessible hexon surfaces, targeted by neutralizing antibodies,
varied significantly from natural hexons to the point where they could be
classified as novel serotypes, potentially evading pre-existing immune
responses (Figure 3B, right panel).

The aforementioned instances of Al-driven viral vectored vaccine innova-
tions underscore the potential of deep neural network models to precisely
predict capsid viability across diverse variants, even with a constrained train-
ing dataset. Besides novel capsid proteins designed for combating pre-
Ad/AAV immunity, ML models that predict the assembly abilities of capsid
variants into virus-like structures thrive, which is expected to extend the
applicability in augmenting both the packaging capacity and transduction
efficacy of AAV-based vaccines.***

Al-based mRNA vaccine modification

Since the discovery of RNA-based gene delivery platforms, it has gained
rapid development in vaccines and therapeutics. RNA vaccinology works by
instructing the host cells to produce vaccine antigens using their protein
production machinery based on the information provided by RNA
sequences.”’ The first mRNA vaccine for infectious diseases was reported for
influenza A prevention in 2012.% Both COVID-19 mRNA vaccines produced
by Pfizer-BioNTech (BNT162b2) and Moderna (mRNA-1273) showed high
safety and efficacy in preventing severe diseases and were approved for
emergency use soon after the COVID-19 outbreak.™* More importantly, the
ability to simultaneously induce cellular and humoral immune responses
makes mRNA a promising vaccine platform.”

The secondary structure stability and translation efficiency of mRNA
vaccines are closely related to the nucleic acid sequences; however, there is
always a trade-off between them during codon optimization.”® Leppek et al.
raised a combinational optimization of RNA-based therapeutics using three
models concerning mRNA secondary structure, in-solution stability, and
translation efficiency.”” Besides the above advancement, LinearDesign is
developed to optimize codon usage for efficient protein expression and, at the
same time, improve mRNA half-life by decreasing free energy.”® LinearDe-
sign adapts the classical concept of lattice parsing in computational linguis-
tics, looking for the most likely “sentence” among many similar-sounding
alternatives (Figure 4A, left panel). This Al algorithm profoundly increases
mRNA vaccines' immunogenicity compared to the codon-optimization
benchmark for SARS-CoV-2 and varicella-zoster virus (Figure 4A, right
panel).” This model, with its potential to revolutionize mRNA vaccine devel-
opment, provides a timely tool for the exploration of previously unreachable
but highly stable and efficient codon arrangements in mRNA vaccines and
MRNA-based medicines.

While the coding region of mRNA is the primary source of information
about the designed antigen, the non-coding area also plays a crucial role in
translation regulation and ultimate antigen protein expression.” The 5'UTR
sequence is critical in ribosome recruitment, directly impacting protein

REVIEW

production.' In this context, Chu et al. introduced a semi-supervised
language model (UTR-LM).”" This model was pre-trained on a transformer-
based model using endogenous 5 ' UTRs from multiple species via
nucleotide masking and reconstruction and combination of supervised
information, including the secondary structure and minimum free energy,
enhances model predictive capability. At last, the trained model was fine-
tuned for downstream tasks such as mean ribosome loading (MRL) predic-
tion, MRNA expression level (EL), and translational efficiency (TE) prediction
(Figure 4B, left panel). The UTR-LM model's performance in MRL prediction
was particularly impressive, outperforming the benchmark method MTtrans
by 5% in Spearman R value.”” The top designs showed superior performance
in mMRNA translational efficiency and protein expression level relative to the
currently well-established 5" UTR optimization benchmark method Cao-RF
(Figure 4B, middle panel)."”" They next expanded the usage of the training
model to accurately identify unannotated internal ribosome entry sites
(IRESSs) (Figure 4B, middle panel). Of greater significance, they generated new
5'UTRs and further confirmed their high performance in translational effi-
ciency via wet-lab assays (Figure 4B, right panel).

In addition to optimizing the mRNA sequence to increase its stability and
translation efficiency, Al technology also participates in mRNA delivery
system optimization.'” One of the most promising platforms for mRNA deliv-
ery refers to mRNA-encapsulated in lipid nanoparticle (MRNA-LNP)."” Xu et
al. developed a deep learning-based platform called AGILE that is utilized to
design and evaluate novel ionizable lipids for mRNA delivery.'™ Notably, the
generated LNPs tailored for specific cell types enhance the effectiveness of
mRNA vaccines in clinical therapies. In another study, Witten et al. intro-
duced a deep learning-based LNP optimization and discovery network LION
that improves mRNA delivery potency.'® Al was also used to optimize the
microfluidic conditions and lipid mix ratio of mMRNA-LNP vaccine, improving
the efficiency of vaccine manufacturing.'”

Other aspects

The utilization of Al tools in medical and biological science areas has
significantly expedited the vaccine development.'”” On the one hand, Al has
revolutionized our way of interpreting nucleotide and amino acid sequences,
empowering scientists to harvest vast datasets for computational model
training by integrating genomic, proteomic and clinical data. These advanced
models not only predict potential B-cell and T-cell epitopes, but also anno-
tate effective vaccine targets, decipher mechanisms of immune responses
and optimize the vaccine formulations, and significantly reduce the time
taken to screen new vaccine candidates in the lab.'"™'® On the other hand,
these techniques predict viral evolutionary trajectories, further identifying
antigen-receptor interactions and are ready for the outbreak of newly emerg-
ing pathogens.'"’

Moreover, machine learning models swiftly engage in vaccine pre-clinical
and clinical trials. During the preclinical phase, several models like ImmusS-
cope, UniPMT and CapsNet, are developed to identify peptide-major histo-
compatibility complex class (MHC) pairing relationships, accurately predict
whether an antigenic peptides can be recognized, presented to CD4* T cells
and subsequently trigger a genuine immune response.''"'"® Besides, Al
models are employed to predict immune response following cancer treat-
ment.'"*'"> We believe that Al will also be capable of participating in predict-
ing the immune protection efficacy after vaccination in the coming future. For
clinical trials, they can assist researchers in identifying suitable population
samples, optimizing clinical trial designs, predicting trial outcomes, and
improving the efficiency and success rate of trials based on a vast amount of
clinical, experimental, and bioinformatic data. By integrating an individual's
genomic information, the machine learning model can also identify unique
neoantigens or autoantigens specific to that individual patient, which aids in
the development of personalized vaccines and enhances their immunologi-
cal efficacy.

As a key facilitator in enhancing vaccine efficacy, the identification of novel
adjuvant candidates and the optimization of existing adjuvants are issues
worthy of attention in the field of vaccine research and development. Machine
learning and molecular simulations can aid in the design and synthesis of a
library of small-molecule ligands with broad-spectrum toll-like receptor
targeting and activation capabilities.'® Experimental results have revealed
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Figure 4. Al-based mRNA vaccine modification (A) Al-assisted codon optimization. Left panel, overview of LinearDesign algorithm. The algorithm incorporates two factors: RNA
folding grammar that increases structural stability and codon usage that facilitates MRNA expression. Scatter plot showing the balanced designs between efficient translation
and structural stability. Right panel, experimental validation of stability and immunogenicity of mRNA vaccine after codon optimization. Intact mRNA ratio in the Mg?* buffer was

evaluated for mMRNA chemical stability. Fluorescence intensity showing protein expression

levels of mRNA was determined by flow cytometry 48h after transfection. Serum bind-

ing and neutralizing antibody titers indicating immunogenicity of mMRNA vaccine behind each design were measured. (B) 5' UTR function predictions using the UTR-LM model.
Left panel, 5'UTR sequences were used as training datasets and lateral model fine-tuning process. Biological characteristics of 5'UTR were also incorporated for downstream
predictor tasks. Middle panel, the trained model was utilized to predict mean ribosomal loading (MRL), mRNA translation efficiency (TE), mRNA expression level (EL), and unan-
notated internal ribosome entry sites (IRESs) which is different from cap-dependent ribosome recruitment. Right panel, the model was also fine-tuned for novel 5'UTR genera-
tion. The generated sequences were then compared for the translation efficiency by wet-lab experiments. All the predicting functions derived from the UTR-LM model were

compared with currently available benchmark methods and showed significant superiority

that these novel gold nanoparticle adjuvants can enhance the antigen-
presenting capacity of dendritic cells (DCs) and their ability to transport to
lymph nodes. Besides the design of novel TLR-targeting agonist ligands,
computational protein design of TLR3 minibinders can precisely target the

over them.

hydrophobic sites of TLR3, while ensuring formulation stability and avoiding
glycosylation interference, thereby more efficiently driving type | interferon
and NF- kB responses.''’ Utilizing computer-aided molecular docking and
dynamics simulation methods, Cui et al. screened TLR4-targeting adjuvant
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Figure 5. Concerns behind Al-driven vaccine development and proposed suggestions The concerns and recommendations were elaborated from three aspects: researchers
and model builders, institutions and inventors, as well as standard-setters and regulatory authorities.

candidates from 34 chrysophanol derivatives.'"® Both TLR3 minibinders and
the TLR4-targeting adjuvant candidates exhibit high potential as vaccine
adjuvants. More recently, a Notch agonist that promotes T cell development
and enhances immunity has been de novo designed.'"”

CONCLUSION AND RECOMMENDATIONS

In this review, we listed successful examples of Al-powered vaccine devel-
opments, including de novo protein subunit vaccine designs, viral vector-
based vaccine innovation, and mRNA-based vaccine sequence modifica-
tions. Although Al is transforming traditional life science experiments,
enabling unprecedented speed and accuracy in diagnoses, personalized ther-
apeutics, as well as vaccine development, there are still several concerns
coming from different aspects. We outline some challenges and provide
recommendations in response to them.

For institutions and investors, the study, development and application of Al
technology require investment of time and money, but its commercial appli-
cations may face high risks and uncertainties. Therefore, they must weigh up
the benefits and costs. As an emerging technology, we call on the govern-
ment and investors to continue building on computing infrastructure and
allocating more budgets to feasible projects in the Al field (Figure 5). Besides,
there is a shortage of experts in the intersection of Al and biomedicine,
making it difficult to form a high-level research and experimental develop-
ment team. Al is a multidisciplinary field that draws on a range of technical
and non-technical fields, including computer science, psychology, engineer-
ing, mathematics, and philosophy. Institutes and companies that rely highly
on Al could offer more training and development opportunities and a better
working environment to attract talent (Figure 5).

For researchers or model builders, the biomedical data that is currently
accessible often fail to adequately represent the uniform, diversity and
complexity of the population as a whole in certain study scenarios, which
directly affects the application range of Al models (Figure 5). Given this situa-
tion, it is necessary to promote the establishment of high-quality, standard-
ized biomedical datasets as well as data sharing. Besides, many Al models,
such as unsupervised neural network models, lack transparency in their deci-
sion-making processes, which is particularly crucial in the vaccine develop-
ment field. Validation of model interpretability through statistical analysis of
the datasets or other method will help ensure successful implementation of
Al tools into clinical practice (Figure 5). Third, researchers in computer
science often struggle with which biological features to extract, which
impacts their ability of integrating the latest research findings into language

models, so closer cooperation is required among biomedical researchers and
Al scientists to generate models with high accuracy and efficiency during
candidate vaccine designs (Figure 5).

For international standard-setters and regulatory authorities, existing regu-
lations and standards may lag behind the development of Al technology
(Figure 5). Regulatory authorities may lack sufficient technical background to
fully understand and evaluate the feasibility of Al in vaccine design, and may
not be able to regulate and guide the application of new technologies in a
timely manner. In that vein, providing training and guidance on Al technology
to regulators and establishing an expert advisory team to improve their
understanding and evaluation of new technologies become a prerequisite. So
that they can update and adjust relevant regulations according to the devel-
opment of Al technology to ensure their adaptability and foresight. Indeed, the
U.S. Food and Drug Administration (FDA) Center for Drug Evaluation and
Research (CDER) has released a guidance for the evaluation of the safety and
efficacy of Al-enabled devices used in medical products. Apart from that,
vaccine development needs to comply with strict regulations and standards.
These standards may differ between countries and regions, which may lead
to difficulties in international cooperation and coordination. To avoid adding
unnecessary complexity to innovation and acceptance, regulatory authorities
could serve as a bridge to promote cooperation and coordination among
countries in Al technology and vaccine supervision and share experience and
best practices to promote global public health security (Figure 5).

The clinical trial is the most critical and challenging phase in vaccine devel-
opment. The advent of Al technology holds promise in alleviating difficulties
such as time-consuming processes, high costs, and challenges in volunteer
recruitment. However, it also faces significant challenges, as data
biases—including sampling bias, measurement bias, label bias, etc.—can
affect data training and algorithm grafting, ultimately leading to biases in
decision-making.'” In enhancing Al's involvement in clinical trials, it is crucial
to integrate human judgment to precisely define negative and positive
outcomes for the model, instead of merely differential analysis of output data.
Moreover, a rigorous dissection of racial bias in algorithms is indispensable
to uphold fairness in the assessment of medical resources, such as sources
of transplanted organs, thereby ensuring equitable healthcare access for
diverse populations. Besides, during the nascent phase of Al-assisted clinical
trials in particular, strict compliance with privacy and security protocols is
important to maintain public trust and ensure compliance with ethical stan-
dards, since any violation could erode participant confidence and compro-
mise the trial's integrity.
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In conclusion, Al emerges as a highly promising tool in the de novo design
and optimization of vaccines and thus has broad utilization potential. Larger
training datasets and more mature models are required to effectively inte-
grate diverse and personalized vaccine development approaches, ultimately
enhancing human health.
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