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Abstract

Vaccinology has undergone a profound paradigm shift—from traditional empirical discovery to a
rational, engineering-based discipline. This transformation is driven by the synergistic and iterative
cycle between computational (in silico) prediction and rigorous experimental validation, now the
cornerstone of modern, accelerated vaccine development. This review delineates the architecture of
this integrated pipeline. We first survey the expanding computational toolbox for vaccine design,
spanning immunoinformatics and reverse vaccinology for antigen discovery, Al-driven structure-
based engineering of stabilized immunogens, and systems vaccinology for modeling immune
dynamics. We then outline the “experimental gauntlet”: a hierarchy of biochemical, cellular, and in
vivo preclinical assays that verify computational hypotheses —confirming molecular structures,
binding kinetics, immunogenicity, and protective efficacy. The power of this fusion is exemplified by
landmark case studies: the structure-guided triumph against Respiratory Syncytial Virus (RSV), the
rapid development of COVID-19 mRNA vaccines, the iterative germline-targeting design of HIV
immunogens, and the frontier of personalized neoantigen cancer vaccines. Together, these advances
demonstrate that the union of predictive computation and empirical validation has moved from
promise to proven paradigm. Looking ahead, emerging technologies such as generative Al and
immune digital twins are poised to further accelerate this virtuous cycle, transforming vaccinology
into a more precise, predictable, and rapid science capable of meeting future global
health challenges.

Keywords: vaccine design; computational biology; experimental validation; immunoinformatics;
structure-based design; systems vaccinology; in silico

1. Introduction

The history of vaccinology, from Edward Jenner’s pioneering work with cowpox in 1796 to the
widespread application of Louis Pasteur’s principles of attenuation and inactivation, has been a
narrative of monumental public health triumphs largely driven by empirical observation and
serendipitous discovery [1,2]. This classical era, which yielded vaccines against scourges like
smallpox, polio, and measles, relied on a “isolate, inactivate, inject” paradigm that, while effective for
many pathogens, proved insufficient against more complex or non-culturable agents [3]. The latter
half of the 20th century witnessed the dawn of a new age, where the advent of molecular biology and
recombinant DNA technology began to shift the field from a reactive, empirical science towards a
proactive discipline of rational design [4]. This transition signaled a departure from using whole
organisms or their crude extracts towards leveraging precisely defined molecular components, a

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0078.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 November 2025 d0i:10.20944/preprints202511.0078.v1

2 of 25

move that promised enhanced safety and manufacturing consistency. The true acceleration into the
modern era, however, was catalyzed by the confluence of genomics and high-performance
computing [Error! Reference source not found.], giving rise to a powerful predictive engine for
vaccine discovery. This revolution, termed “Reverse Vaccinology” by Rappuoli [Error! Reference
source not found.], fundamentally inverted the traditional discovery workflow. Instead of beginning
with the pathogen in a culture dish, researchers could now start with its complete genome sequence
in silico, using computational algorithms to mine the entire proteome and predict a comprehensive
repertoire of potential protein antigens [7]. This genomics-driven approach dramatically expanded
the pool of vaccine candidates far beyond the handful of abundant proteins accessible through
biochemical methods, enabling the identification of novel antigens that were previously invisible to
conventional screening[Error! Reference source not found. Error! Reference source not found.].
While these in silico tools provide unprecedented speed and scale, their predictions remain
fundamentally theoretical hypotheses. The ultimate arbiter of a candidate’s worth is its performance
in a biological system. Consequently, the cornerstone of modern, accelerated vaccine development is
the synergistic and iterative cycle between computational prediction and rigorous experimental
validation [Error! Reference source not found.,11]. This is not a linear path from a computer model
to a clinical trial, but a dynamic feedback loop where bioinformatic predictions guide targeted
experiments, and the resulting experimental data—whether from high-resolution structural biology,
high-throughput T-cell assays, or deep immunopeptidomic analysis—is fed back to refine, retrain,
and improve the predictive power of the next generation of computational models [Error! Reference
source not found.-14].

This review will explore the intricate relationship between computational prediction and
experimental validation that defines contemporary vaccinology. First, we will survey the diverse in
silico toolbox used to design vaccine candidates, from immunoinformatics for epitope discovery and
structure-based engineering of stable immunogens to systems-level modeling of the immune
response. Next, we will detail “the experimental gauntlet” —the array of in vitro, ex vivo, and in vivo
methods employed to rigorously test, verify, and validate these computational hypotheses.
Subsequently, we will present a series of prominent case studies—including the development of
vaccines for Respiratory Syncytial Virus (RSV), COVID-19, personalized cancer, and HIV —that
powerfully illustrate this integrated pipeline in action. Finally, we will discuss the current challenges
and limitations of this paradigm and look toward the future, where emerging technologies like
generative Artificial Intelligence (AI) and immune “digital twins” promise to further blur the lines
between prediction and reality, heralding an era of truly personalized and precision vaccinology
[Error! Reference source not found.-18].
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Figure 1. The Synergistic and Iterative Cycle of Modern Vaccine Development.
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2. The Computational Toolbox: Designing Vaccine Candidates In Silico

The initial phase of modern vaccine development unfolds not in a wet laboratory but on a digital
drawing board, where a sophisticated suite of computational tools is employed to prospectively
design and de-risk vaccine candidates. This in silico stage leverages vast biological datasets and
advanced algorithms to rationally identify antigenic targets, engineer optimized immunogens, and
simulate their behavior, thereby dramatically narrowing the field of candidates that require
expensive and time-consuming experimental validation [Error! Reference source not found.]. These
computational strategies can be broadly categorized by their primary objective, ranging from the
discovery of entire antigens to the atomic-level engineering of specific epitopes and the systems-level
prediction of the ensuing immune response.

2.1. Identifying the Target: Reverse Vaccinology and Immunoinformatics

2.1.1. Genome-Based Antigen Discovery and Prioritization

The advent of high-throughput genome sequencing catalyzed the “Reverse Vaccinology”
paradigm, a strategy that begins with the digital representation of a pathogen to predict its entire
antigenic repertoire [20]. This approach proved its transformative power in the development of a
vaccine against serogroup B meningococcus (MenB), a pathogen for which traditional methods had
failed for decades. By computationally mining the MenB genome, researchers identified hundreds of
novel protein candidates in silico, which were then systematically screened experimentally, leading
to a licensed multicomponent vaccine [22,Error! Reference source not found.].This process
circumvents the major limitations of classical vaccinology, namely the need to cultivate the pathogen
and the bias towards abundant but not necessarily protective proteins. Computational pipelines now
routinely screen pathogen genomes to prioritize potential antigens based on predicted characteristics
such as subcellular localization (secreted or surface-exposed proteins being prime candidates),
sequence homology to known virulence factors, and the absence of homology to human proteins to
minimize the risk of autoimmunity [Error! Reference source not found.-Error! Reference source not
found.0].

2.1.2. Predicting Immunogenic Epitopes: T-Cell and B-Cell Targets

Once potential antigen proteins are identified, immunoinformatics tools are employed to dissect
them into their constituent epitopes—the minimal fragments recognized by T-cells and B-cells. The
prediction of peptide binding to Major Histocompatibility Complex (MHC) molecules, the most
selective step in the antigen presentation pathway, is the most mature area of immunoinformatics.
Machine learning-based tools like NetMHCpan have achieved remarkable accuracy in predicting
peptide-MHC class I and class Il binding, primarily by training on massive datasets of experimentally
measured binding affinities and, more recently, on mass spectrometry-eluted ligands [Error!
Reference source not found. Error! Reference source not found.]. These T-cell epitope predictions
are foundational for designing peptide-based vaccines, particularly for personalized cancer therapies
where tumor-specific neoantigens are the primary targets [28].

In contrast, the prediction of B-cell epitopes, which are recognized by antibodies, remains a more
significant challenge. While linear B-cell epitopes can be predicted from sequence, most antibody
recognition sites are conformational (discontinuous), involving disparate residues brought together
by the protein’s three-dimensional fold. Although methods like BepiPred-2.0 and Epitope3D, which
incorporate predicted or actual structural information, have shown improved performance over
purely sequence-based tools, their overall predictive power is still modest, underscoring an area in
active development [Error! Reference source not found.-Error! Reference source not found.].
Serving as the bedrock for all these predictive endeavors are comprehensive databases like the
Immune Epitope Database (IEDB), which curate and publicly disseminate millions of experimentally
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characterized epitopes, providing the essential “ground-truth” data required to train, benchmark,
and validate computational tools [32-34].

2.2. Engineering the Immunogen: Structure-Based Antigen Design

A fundamental challenge in vaccinology is that the most desirable antigenic targets are often
structurally fragile. This is particularly true for the class I viral fusion glycoproteins that mediate
entry for viruses like RSV, HIV, and coronaviruses. These proteins exist in a transient, high-energy
“prefusion” conformation that displays the most potent neutralizing antibody epitopes, before
collapsing into a highly stable, immunologically inferior “postfusion” state [Error! Reference source
not found.]. An immunogen that prematurely adopts this postfusion form is effectively a decoy,
failing to elicit the most powerful protective responses. The solution to this problem lies in structural
vaccinology —the use of high-resolution atomic information to engineer more stable and effective
antigens [Error! Reference source not found.].

For decades, the primary bottleneck in this field was the laborious and uncertain process of
determining protein structures experimentally. A pivotal moment, however, arrived with the
development of artificial intelligence systems capable of predicting protein structures with
astounding accuracy directly from their amino acid sequence. The introduction of DeepMind’s
AlphaFold and the Baker laboratory’s RoseTTAFold heralded a new epoch in structural biology
[35,36]. These deep learning models, having been trained on the entire corpus of experimentally
determined structures, can now generate atomically-accurate models for the vast majority of the
proteome, as demonstrated by the public release of the AlphaFold Protein Structure Database [37,38].
This breakthrough effectively bridged the gap between genomic sequence and functional structure,
providing an almost instantaneous structural blueprint for nearly any potential antigen.

This newfound capability enables the rational engineering of immunogens with unprecedented
precision. The development of a successful RSV vaccine provides a landmark example. By analyzing
the crystal structure of the RSV F protein in its prefusion state, McLellan and colleagues
computationally identified key regions of instability. They hypothesized that introducing specific
proline mutations could rigidify the protein’s backbone, effectively “locking” it in the desired
prefusion conformation [39]. This computational prediction was spectacularly validated through
experimentation: the resulting stabilized immunogen, known as DS-Cav1, was not only stable but
also elicited neutralizing antibody titers in animal models that were an order of magnitude higher
than those induced by the postfusion protein. This “2P” stabilization strategy proved to be a
generalizable principle, and its rapid application to the SARS-CoV-2 spike protein by the same
research groups was instrumental in the accelerated development of virtually all leading COVID-19
vaccines [40,41].

Beyond stabilizing individual antigens, structural information empowers the computational
modeling of the critical interactions that underpin immunity. With accurate models for both antibody
and antigen, information-driven docking programs like HADDOCKS3 can be used to predict the
three-dimensional architecture of their complexes [Error! Reference source not found. Error!
Reference source not found.]. Recent work by Giulini et al. (2023) has shown that combining Al-
predicted antibody structures with such docking protocols significantly improves the success rate of
modeling these interactions [Error! Reference source not found.]. This is complemented by Al-
augmented, physics-based docking approaches that further refine binding predictions. While
challenges in accurately predicting binding interfaces persist, especially for flexible molecules [Error!
Reference source not found.], these tools provide invaluable hypotheses about the molecular basis
of neutralization, guiding the design of novel immunogens intended to elicit specific, desirable
antibody classes.
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Figure 2. Structure-Based Design of a Stabilized Prefusion RSV F Glycoprotein.

2.3. Assessing the Dynamics: The Role of Molecular Dynamics (MD) Simulations

Whereas structure prediction provides a static snapshot of an antigen, Molecular Dynamics
(MD) simulations furnish a “molecular movie,” revealing the dynamic behavior of biomolecules in
motion [Error! Reference source not found.]. First applied to a protein in 1977, MD has evolved into
an essential computational tool by calculating the forces between atoms to simulate their movements
over nanosecond to microsecond timescales [Error! Reference source not found.]. As elegantly
summarized by Hollingsworth and Dror (2018), MD simulations serve as a computational
microscope, offering insights into protein flexibility, conformational changes, and the stability of
molecular interactions that are often inaccessible to direct experimental observation [Error! Reference
source not found.,51].

In the context of vaccine design, MD simulations provide a crucial intermediate step of
computational validation. For instance, after immunoinformatic tools predict a set of promising T-
cell epitopes, MD can be employed to simulate the behavior of these peptides when bound to their
respective MHC molecules. Baruah and Bose (2020), in their work on 2019-nCoV, used this exact
approach. Their simulations confirmed that the computationally identified epitopes formed stable,
long-lasting hydrogen bond networks within the MHC binding groove, providing strong theoretical
evidence that the complex would be stable enough to be effectively presented to T-cells [52]. This
application demonstrates how one layer of computational prediction (epitope binding) can be
strengthened and filtered by another (dynamic stability) before committing to costly peptide
synthesis and cellular assays.

2.4. Modeling the Response: Systems Vaccinology and Immune Simulation

Moving from the molecular to the systems level, a distinct class of computational models aims
to predict the behavior not of a single protein, but of the entire immune system or even a whole
population in response to vaccination. “Systems Vaccinology” represents a data-driven paradigm
that integrates high-dimensional “-omics” data (e.g., transcriptomics, proteomics, metabolomics)
from vaccinated individuals to build predictive models of vaccine immunogenicity and efficacy
[Error! Reference source not found.]. Pioneering studies by Pulendran and colleagues demonstrated
that by analyzing early gene expression signatures in the blood of individuals vaccinated against
Yellow Fever or seasonal influenza, it was possible to identify transcriptional modules that could
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predict, with remarkable accuracy, the magnitude of the protective antibody response that would
develop weeks later [Error! Reference source not found. Error! Reference source not found.]. This
approach transforms vaccine evaluation from a retrospective exercise into a predictive science,
offering early biomarkers of success or failure.

The ultimate ambition of this holistic modeling is the creation of “Immune Digital Twins” —
dynamic, personalized computational models of an individual’s immune system [Error! Reference
source not found. Error! Reference source not found.]. Such a model, calibrated with patient-specific
data, could hypothetically be used for “in silico” clinical trials, allowing researchers to test and
optimize different vaccine antigens, adjuvants, or dosing schedules in a virtual environment before
any physical administration, thus personalizing vaccination strategies for maximum benefit. On a
broader scale, mathematical and agent-based models are used to simulate the dynamics of infectious
disease spread within entire populations. These models can predict the impact of different
vaccination coverage levels and prioritization strategies (e.g., targeting high-risk groups vs. uniform
distribution), providing quantitative evidence to guide critical public health policy decisions during
epidemics and pandemics [Error! Reference source not found. Error! Reference source not found.].

Table 1 summarizes the main computational strategies employed in the design and preliminary
assessment of vaccine candidates, highlighting their objectives and the key methodologies that
generate the predictions requiring experimental validation.

Table 1. Overview of Computational Approaches in Vaccine Design.

Computational Approach Primary Objective Key Methodologies / Tools
Whole-genome screening,
subcellular localization
prediction, sequence

. . Identify potential antigens homology searching,
Immunoinformatics / . . .
. and immunogenic epitopes MHC/B-cell epitope
Reverse Vaccinology -
from pathogen genomes prediction (e.g.,

NetMHCpan, BepiPred-2.0),
epitope database mining

(IEDB)
Structure-Based Antigen  Engineer immunogens with  Homology modeling, Al-
Design enhanced stability, driven structure prediction
immunogenicity, or epitope (AlphaFold, RoseTTAFold),
presentation computational protein
design for stabilization (e.g.,
proline/disulfide

introduction), protein-
protein docking

(HADDOCK, ZDOCK)
Molecular Dynamics (MD) Assess the dynamic stability Force field-based simulations
Simulation and conformational (e.g., using GROMACS,
flexibility of antigens and ~AMBER) to generate atomic
their complexes. trajectories and analyze

interaction stability,
flexibility, and binding

energies
Systems Vaccinology &  Predict the overall immune Multi-omics data integration,
Immune Modeling response at the cellular, machine learning for
organismal, or population  signature discovery, agent-
level. based models (ABMs),

ordinary differential
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equation (ODE) models,
digital twin frameworks

3. The Experimental Gauntlet: Validating Predictions from Bench to Preclinical
Models

Once a vaccine candidate has been conceived ‘in silico’, it must exit the digital realm and enter
the “experimental gauntlet” —a multi-tiered process of rigorous testing designed to confirm its
predicted properties and establish its biological relevance. This journey from theoretical concept to
tangible immunogen is a validation cascade, where each successive stage provides a higher level of
evidence, systematically filtering out flawed designs and building confidence in the most promising
candidates. The first challenge in this cascade is to validate the most fundamental predictions: the
identity and immunogenicity of the target epitopes themselves.

3.1. Validating Predicted Epitopes and Antigenicity

The initial step in validating a computationally predicted T-cell or B-cell epitope is often a direct
biochemical test of the predicted interaction. For T-cell epitopes, this involves synthesizing the
predicted peptide and measuring its binding affinity to the specific, purified MHC molecule for
which it was predicted. Techniques such as fluorescence polarization or surface plasmon resonance
can provide quantitative data (e.g., Kd values) that directly confirm or refute the core prediction of
the bioinformatic algorithm—its capacity to engage the MHC molecule. While a positive result is
encouraging, demonstrating binding is a necessary but insufficient condition for immunogenicity, as
it does not account for antigen processing or T-cell receptor recognition.

A more definitive measure of an epitope’s potential is its ability to elicit a functional cellular
response. This is assessed through a variety of in vitro T-cell assays using immune cells from
previously exposed or vaccinated individuals. The Enzyme-Linked Immunosorbent Spot (ELISpot)
assay is a widely used method to quantify the number of T-cells that secrete a specific cytokine,
typically Interferon-gamma (IFN-v), upon stimulation with the predicted peptide [58]. A significant
increase in spot-forming cells compared to a control indicates the presence of a responsive T-cell
population. A more granular view is provided by Intracellular Cytokine Staining (ICS) coupled with
multi-color flow cytometry. This powerful technique not only confirms a response but also
characterizes it, distinguishing between CD4+ and CD8+ T-cell activity and assessing their
polyfunctionality —the simultaneous production of multiple effector molecules like IFN-y, Tumor
Necrosis Factor-alpha (TNF-at), and Interleukin-2 (IL-2), which is often correlated with a more potent
anti-viral response [59, 60]. Furthermore, peptide-MHC multimers (e.g., tetramers) can be used to
directly stain and enumerate epitope-specific T-cells, providing a direct quantification of the size of
the responding T-cell pool.

The ultimate validation for epitope presentation, however, comes from the direct and unbiased
identification of peptides naturally processed and presented by cells. This “ground truth” is
established through mass spectrometry (MS)-based immunopeptidomics. In this approach, MHC-
peptide complexes are isolated from cells or tissues, and the bound peptides are eluted and
sequenced by high-resolution mass spectrometry [61]. This technique bypasses prediction entirely,
providing a definitive list of the peptides that the cellular machinery has successfully processed and
loaded onto MHC molecules for T-cell surveillance. Seminal work by Bassani-Sternberg et al. (2016)
using this method on melanoma tumors provided a striking reality check for computational
predictions: they found that the neoepitopes actually presented on the tumor surface were often not
the top-ranked candidates from in silico algorithms, whereas the MS-identified peptides had a high
rate of immunogenicity [61,63]. The development of sensitive, semi-automated workflows for this
process has further enhanced its utility as a high-throughput validation tool for confirming the
presentation of computationally prioritized neoantigens or viral epitopes [64]. By confirming which
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peptides are genuinely part of the cellular “immunopeptidome”, this technology provides the most
robust filter for refining epitope-based vaccine designs.

3.2. Confirming the Structure and Function of Designed Immunogens

For vaccine candidates born from rational, structure-based design, moving from a computer
model to a purified protein is only the first step. It is paramount to experimentally verify that the
engineered immunogen has folded into its intended three-dimensional conformation and that it
functions as predicted. This validation process proceeds through a hierarchy of questions, moving
from atomic-level structural confirmation to biophysical interaction analysis and, ultimately, to the
assessment of functional immunogenicity.

The first critical test is to provide atomic-level proof that the computational design has been
successfully realized in the physical molecule. This is the domain of high-resolution structural
biology. Techniques such as Cryo-Electron Microscopy (Cryo-EM) and X-ray Crystallography are the
gold standards for this purpose. The rapid determination of the SARS-CoV-2 spike protein structure
by Wrapp et al. (2020) using Cryo-EM provided definitive visual confirmation that the
computationally designed “2P” proline mutations successfully stabilized the protein in its desired
prefusion state, a finding that underpinned its use in nearly all first-generation COVID-19 vaccines
[64]. Similarly, Cryo-EM studies can also overturn long-held assumptions and reveal unexpected
molecular architectures, as demonstrated by the work of Shi et al. (2023), which resolved the structure
of the postfusion spike in a membrane environment and redefined the location of the true fusion
peptide [64]. These structural snapshots are the ultimate validation of a protein’s physical integrity,
confirming that engineered disulfide bonds have formed correctly and that the overall fold faithfully
presents the target epitopes.

Beyond confirming the static structure, it is imperative to quantify the dynamics of the
immunogen’s interaction with its biological targets, such as host cell receptors or specific antibodies.
Real-time, label-free biophysical methods like Surface Plasmon Resonance (SPR) and Biolayer
Interferometry (BLI) are essential tools for this characterization [66-68]. These techniques measure the
association and dissociation rates of molecular binding events, providing a precise equilibrium
dissociation constant (Kd) that quantifies binding affinity. This allows researchers to experimentally
validate, for example, whether a stabilizing mutation has inadvertently disrupted a critical receptor-
binding site or, conversely, has successfully preserved the conformation of a key neutralizing
antibody epitope.

Ultimately, the most crucial validation for a potential vaccine antigen is its ability to elicit a
functional immune response in a biological system. For humoral immunity, the initial assessment is
typically an Enzyme-Linked Immunosorbent Assay (ELISA), a high-throughput method that
measures the total concentration, or titer, of antigen-specific antibodies in the serum of an immunized
subject [69]. However, the mere presence of binding antibodies does not guarantee protection. The
definitive test of antibody function is the neutralization assay, which measures the capacity of elicited
sera to prevent a virus from infecting host cells in vitro. This can be performed using the classic, labor-
intensive Plaque Reduction Neutralization Test (PRNT) or, more commonly now, with safer and
more scalable methods like pseudovirus neutralization assays (PNA) or automated, high-throughput
live-virus neutralization platforms [70]. The data from these assays are paramount, as they not only
confirm the functional success of an immunogen but are also used to establish crucial correlates of
protection, as demonstrated by Gilbert et al. (2024), whose work in a major COVID-19 vaccine trial
formally linked specific neutralizing antibody titers to protection against severe disease [71].

3.3. Testing Predicted Mechanisms and Pathways

Beyond validating the antigen itself, a critical function of the experimental gauntlet is to test the
mechanistic hypotheses generated by more sophisticated computational models. Systems
vaccinology and other simulation approaches often predict not just an outcome, such as antibody
production, but the entire molecular cascade that leads to it—a specific chain of protein-protein
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interactions (PPIs), signaling events, and downstream changes in gene expression. Confirming these
predicted pathways is essential for building a deep, causal understanding of a vaccine’s mechanism
of action and for refining the models that guide future designs. Wang et al. (2024) provide a
comprehensive guide to the experimental workflows required for this mechanistic validation [72].

A primary step in this process is to confirm the predicted physical interactions between key
signaling molecules. If a model hypothesizes that a vaccine adjuvant triggers its effect by causing
protein A to bind to protein B, this interaction must be experimentally verified. The classic technique
for this purpose is Co-Immunoprecipitation (Co-IP) [73,74]. In this method, an antibody specific to
protein A is used to “pull down” protein A from a cell lysate; if protein B is found to be present in
the immunoprecipitated complex (typically detected by Western Blot), it provides strong evidence of
a direct or indirect physical association. For studying interactions within the dynamic context of a
living cell, more advanced techniques like Fluorescence Resonance Energy Transfer (FRET) are
employed[75,76]. FRET works by detecting the transfer of energy between two fluorescently tagged
proteins when they are in very close proximity (typically less than 10 nanometers), providing real-
time spatial and temporal evidence of their interaction “in situ’.

Furthermore, to validate the predicted cascades, it is necessary to confirm their downstream
consequences on gene and protein expression. If a model predicts that a particular signaling pathway
will culminate in the upregulation of specific immune-related genes, this must be verified at both the
transcript and protein levels. At the transcript level, quantitative Polymerase Chain Reaction (qPCR)
provides a highly sensitive and specific method to measure changes in the mRNA levels of a targeted
set of genes, such as those encoding key cytokines or chemokines. For a global, unbiased assessment
of the entire transcriptional landscape, RNA-Sequencing (RNA-Seq) is the method of choice, capable
of confirming the predicted expression changes across thousands of genes simultaneously [77-80].

Crucially, an increase in mRNA does not always translate to an increase in functional protein.
Therefore, protein-level validation is an indispensable final step. Western Blotting is the standard
technique used to detect and quantify the level of a specific protein within cells, confirming that the
transcriptional changes have resulted in altered protein synthesis. Complementing this, an ELISA
can be used to measure the concentration of secreted proteins, such as cytokines (e.g., IFN-y, IL-12)
or chemokines, in the culture medium or serum, providing a direct measure of the cellular functional
output and validating predictions about the immune microenvironment [81-84]. Together, these
methods allow researchers to systematically dissect and confirm the molecular wiring that underpins
a vaccine’s efficacy.

3.4. The 1In Vivo’ Reality Check: Validation in Animal Models

The crucible of preclinical validation is the in vivo animal model. After an immunogen has
passed the rigors of in vitro and ex vivo testing —proving it can bind its targets, stimulate cells, and
maintain its structural integrity —it must finally demonstrate its worth within the complex, integrated
milieu of a living organism. This stage moves the validation from possibility to protective reality,
answering the ultimate questions: Is the vaccine candidate safe, and does it protect against disease?

The definitive test of a vaccine’s efficacy is the challenge study. In this experimental design,
animals are first immunized with the vaccine candidate and then, after an appropriate interval for an
immune response to develop, are deliberately exposed to the live, virulent pathogen. Protection is
assessed through several key metrics: survival rates, reduction in clinical signs of disease (such as
weight loss or fever), and, most quantitatively, a significant reduction in pathogen load in target
tissues (e.g., viral titers in the lungs or bacterial counts in the spleen) as compared to a placebo or
control group. For example, Hsieh et al. (2024) validated their computationally designed, prefusion-
stabilized SARS-CoV-2 S2 subunit by showing it provided significant protection against mortality
and reduced lung viral titers in mice after a lethal challenge with a mouse-adapted virus [85,86]. This
outcome provides incontrovertible evidence that the engineered antigen can induce a truly protective
immune state. Concurrently, these models are critical for safety validation. In the development of a
novel mRNA vaccine for RSV, Shaw et al. (2025) utilized the cotton rat model not only to confirm
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potent protection but, crucially, to demonstrate the complete absence of vaccine-associated enhanced
respiratory disease (ERD)—a historical safety failure that had plagued the field for decades [87].

The choice of animal model is not trivial, as the predictive value of the in vivo validation is
directly proportional to the model’s fidelity to human immunology. While standard mouse models
are invaluable for initial screening, more sophisticated systems are often required. Non-human
primates (NHPs), such as rhesus macaques, possess immune systems that more closely resemble
those of humans and are frequently used as the final preclinical checkpoint before advancing a
candidate to human trials. An even greater level of relevance for human-specific candidates is
achieved through the use of humanized mice. Charneau et al. (2022), for instance, employed mice
genetically engineered to express human HLA molecules to directly test the immunogenicity of
predicted human neoantigens [88]. Because these models can mount a T-cell response restricted by
the same MHC molecules found in the human population, they provide a far more accurate and
relevant platform for validating epitopes designed specifically for human use, a task that is
impossible in conventional animal models. This careful selection and use of relevant in vivo models
represents the final, essential step in a rigorous preclinical validation pipeline.

4. Case Studies: The In Silico to In Vivo Pipeline in Action

The theoretical power of the integrated computational-experimental pipeline is best illustrated
through its application to real-world challenges. The development of vaccines against several of the
most formidable pathogens of our time provides compelling case studies where this synergy has not
only accelerated discovery but has enabled breakthroughs that were previously unattainable. These
examples demonstrate the full arc of the process, from initial in silico prediction to definitive in vivo
validation.

4.1. A Landmark Success: Structure-Based Design of the Respiratory Syncytial Virus (RSV) Prefusion F
Vaccine

For over half a century, the quest for a safe and effective RSV vaccine was paralyzed. The field
was haunted by the memory of a disastrous 1960s clinical trial in which a formalin-inactivated whole-
virus vaccine not only failed to protect children but led to vaccine-associated enhanced respiratory
disease (ERD) upon subsequent natural infection, resulting in increased hospitalizations and two
deaths. A central reason for this failure, understood only decades later, was that the viral fusion (F)
glycoprotein—the primary antigenic target—was stabilized in its immunologically inert postfusion
conformation [89].

The breakthrough came not from traditional virology but from the intersection of human
immunology and structural biology. Researchers isolated exceptionally potent neutralizing
monoclonal antibodies from the memory B-cells of adult donors and then used X-ray crystallography
to solve the atomic structure of these antibodies in complex with the F protein. This revealed a critical
secret: the most powerful protective antibodies, some over 100 times more potent than the
prophylactic antibody palivizumab, exclusively recognized epitopes on the metastable, prefusion
(pre-F) conformation of the F protein [89-91]. This structurally-defined insight provided a clear,
rational target for vaccine design: an immunogen that could stably present the pre-F conformation.

Armed with this atomic blueprint, a team led by McLellan and Graham at the National Institutes
of Health embarked on a structure-guided computational design campaign [20]. They used protein
engineering software to predict specific mutations that would “lock” the F protein trimer in its
desired pre-F state. Their primary in silico hypotheses involved introducing a stabilizing disulfide
bond between key protomers and filling a hydrophobic cavity in the core of the protein to prevent
the conformational collapse. The resulting computationally-designed candidate was named DS-Cav1.

The experimental validation that followed was both systematic and definitive. First, the DS-Cav1
protein was expressed and purified, and biophysical analysis confirmed its dramatically enhanced
thermostability. Crucially, it bound with high affinity to pre-F-specific neutralizing antibodies,
providing the first experimental proof that the computational design had successfully preserved the
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target epitopes. Next, the team solved the crystal structure of the DS-Cavl protein itself, which
provided unambiguous, atomic-level confirmation that it had folded into the exact pre-F
conformation as predicted [93,94]. The final and most important preclinical validation came from in
vivo studies. Immunization of mice and, subsequently, non-human primates with the DS-Cavl
immunogen elicited neutralizing antibody titers that were an order of magnitude higher than those
induced by the postfusion form, proving its superior immunogenicity. This foundational work,
moving seamlessly from computational hypothesis to experimental proof, directly paved the way for
multiple successful RSV vaccines, including a refined version from Pfizer (RSVpreF) that
demonstrated high efficacy in pivotal Phase 3 clinical trials, finally solving a 60-year-old public health
challenge [96-97].

4.2. A Global Triumph: Accelerated Development of COVID-19 mRNA Vaccines

The emergence of SARS-CoV-2 in late 2019 triggered a global health crisis that demanded a
vaccine at an unprecedented speed. The subsequent development of highly effective mRNA vaccines
in under a year stands as perhaps the most dramatic and impactful validation of the integrated
computational-experimental pipeline. This historic achievement was possible not because the science
started from zero, but because the rational design principles validated during the long quest for an
RSV vaccine provided a ready-made playbook that could be deployed instantly [98].

The critical computational hypothesis was already established from prior work on other
coronaviruses like MERS-CoV: a spike (S) protein stabilized in its prefusion conformation would be
the optimal immunogen. Within days of the public release of the SARS-CoV-2 genome sequence on
January 10, 2020, research groups were able to transfer this validated principle. They computationally
identified the homologous region in the new virus’s S protein and applied the same “2P” (two-proline)
stabilizing mutations that had proven effective for MERS-CoV. This in silico design was immediately
translated into an experimental candidate [99-103].

The first crucial experimental validation came with breathtaking speed. By mid-February 2020,
the team of Wrapp et al. published the high-resolution Cryo-EM structure of this 5-2P protein
[104,105]. The structure provided definitive experimental proof that the computationally transferred
design worked as intended, locking the SARS-CoV-2 spike protein into the desired prefusion
conformation and preserving the key epitopes on its receptor-binding domain (RBD). This rapid
structural confirmation gave vaccine developers, particularly those using nimble mRNA platforms
like Moderna and BioNTech/Pfizer, the confidence to proceed with clinical-scale manufacturing “at
risk,” even before animal trial data were complete. This single validation step shaved months, if not
years, off the traditional development timeline.

Even as the first vaccine candidates were being manufactured, the iterative design-build-test
cycle continued in parallel. Hsieh et al. (2020) conducted a large-scale computational screening of 100
additional rationally designed mutations, leading to the creation of “HexaPro,” a version of the spike
protein with six proline substitutions that was experimentally validated to be even more stable and
express at nearly tenfold higher levels than S-2P, providing a superior second-generation antigen for
subunit vaccines and diagnostics [106,107].

The ultimate validation, however, was the performance of the S-2P antigen in humans. Delivered
via mRNA, the vaccine construct was shown in massive Phase 3 clinical trials to be over 90% effective
in preventing symptomatic disease. Subsequent deep immunological profiling of vaccinated
individuals provided the mechanistic validation, confirming that the vaccine elicited not only
exceptionally high titers of durable neutralizing antibodies but also robust, poly-specific CD4+ and
CD8+ T-cell responses [109-110111]. These T-cells were found to target conserved epitopes across the
spike protein, providing a critical second layer of defense against emerging variants. The COVID-19
vaccine story is thus the ultimate testament to the power of this paradigm, where years of investment
in foundational computational and structural biology enabled a response of historic speed and
success.
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4.3. The Frontier of Personalization: Neoantigen Discovery for Cancer Immunotherapy

The integrated computational-experimental pipeline finds its most personalized application in
the development of bespoke cancer vaccines, a strategy centered on targeting the tumor’s unique
mutational landscape. Every tumor accumulates a set of somatic mutations, some of which create
novel protein sequences known as neoantigens. Because these are absent from normal tissues, they
are recognized as foreign by the immune system and represent ideal, highly specific targets for
immunotherapy. The challenge lies in sifting through a patient’s entire “mutanome” to identify the
handful of neoantigens that are actually processed, presented by the tumor’s HLA molecules, and
capable of eliciting a potent T-cell response. This process perfectly encapsulates the in silico to in vivo
workflow.

The process begins with the patient. A biopsy of the tumor and a sample of normal tissue are
subjected to high-throughput whole-exome and RNA sequencing. This generates a comprehensive
digital blueprint of all expressed, non-synonymous mutations unique to that patient’s cancer. This
raw genomic data, however, represents a vast search space, often containing hundreds of potential
neoantigens. The first critical filtering step is purely computational. Immunoinformatics algorithms
are used to predict, for each mutation, the binding affinity of the resulting neo-peptide to the patient’s
specific HLA class I and class II alleles. This in silico analysis winnows the extensive list down to a
manageable set of top-ranked candidates, typically 10 to 20 peptides predicted to be the most likely
to be presented and recognized. An early preclinical validation of this integrated genomics-
proteomics-computation workflow by Yadav et al. (2014) demonstrated its power, successfully using
it to identify therapeutically effective neo-epitopes in murine tumor models [111].

The computationally-prioritized neoantigen sequences are then manufactured into a
personalized vaccine. Landmark first-in-human clinical trials have validated two primary platforms
for this: synthetic long peptides, administered with an adjuvant like poly-ICLC [112], and messenger
RNA (mRNA), where a single RNA molecule is engineered to encode multiple neo-epitopes [113].
This step translates the purely digital information into a physical therapeutic agent tailored to the
individual.

The ultimate validation occurs within the patient. Following vaccination, the central hypothesis
is tested: did the computationally predicted neoantigens induce a tangible and specific T-cell
response? This is answered through ‘ex vivo” T-cell assays on the patient’s peripheral blood. The
groundbreaking trials by Ott et al. (2017) and Sahin et al. (2017) provided resounding experimental
proof of this principle. In both studies, vaccination was shown to be safe and highly immunogenic,
inducing robust and polyfunctional CD4+ and CD8+ T-cell responses against a significant fraction of
the predicted neoantigens. Sahin et al. reported that every patient developed T-cell responses, with
immunity detected against 60% of the selected neo-epitopes, while Ott et al. observed T-cell reactivity
to the majority of their peptide pools [114-118]. These vaccine-induced T-cells were shown to be
highly specific for the mutated peptide over its wild-type counterpart. Clinically, these responses
translated into tangible benefit, with many patients remaining disease-free and, in some cases,
achieving complete tumor regression when the vaccine was combined with checkpoint blockade
therapy. These studies serve as definitive proof-of-concept, demonstrating that the full pipeline—
from genomic sequencing and computational prediction to vaccine synthesis and clinical
validation —can successfully translate a patient’s unique tumor data into a potent, personalized, and
life-saving immunotherapy.
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Figure 3. Workflow for Personalized Neoantigen Cancer Vaccine Development.

4.4. Tackling a Grand Challenge: Iterative Design of Germline-Targeting HIV Immunogens

The immense challenge posed by the Human Immunodeficiency Virus (HIV), with its
unprecedented genetic diversity and glycan-shielded envelope protein (Env), has thwarted
conventional vaccine development for four decades [119]. The modest success of any trial has
highlighted the need for an exceptionally sophisticated approach, one capable of eliciting rare and
powerful broadly neutralizing antibodies (bNAbs). This necessity has given rise to the most
ambitious application of the computational-experimental pipeline to date: the strategy of germline-
targeting.

This audacious strategy moves beyond designing a single immunogen and instead aims to
computationally choreograph the entire process of B-cell affinity maturation. The journey begins by
identifying a class of potent bNAbs from infected individuals and computationally inferring the
sequence of their “unmutated common ancestor” (UCA)—the naive B-cell receptor that initiated the
response. The central paradox is that these germline precursors often do not bind to the mature,
native HIV Env protein, meaning they are never activated by natural infection or conventional
vaccines. The first step, therefore, is to computationally design a novel “priming” immunogen
specifically engineered to “catch” and activate these exceedingly rare precursor B-cells .

The design of the eOD-GT8 60-mer immunogen is a masterclass in this process. Researchers used
structure-based computational protein design to re-engineer a fragment of the HIV Env protein,
optimizing it to bind with sufficient affinity to the germline precursors of the VRCO01-class of bNAbs.
This computationally designed immunogen, displayed multivalently on a self-assembling
nanoparticle scaffold to enhance B-cell signaling, was then advanced into a first-in-human clinical
trial (IAVI GOO1) for its definitive experimental validation [120].

The results, as reported by Cohen et al. (2023), were a landmark success[121]. The vaccine was
found to be safe and, crucially, achieved its primary molecular goal: it successfully activated the
target B-cell precursors and induced the desired memory B-cell response in 97% of vaccine recipients.
This provided the first-ever human proof-of-concept that a computationally designed immunogen
can specifically engage and expand a pre-defined, rare B-cell population. The study also validated
the induction of robust, publicly targeted helper T-cell responses, which are essential for driving the
B-cell maturation process .

This successful priming, however, is only the beginning of a longer, pre-planned immunization
journey. The germline-targeting strategy necessitates a sequence of “shaping” and “polishing”
immunogens, each also being computationally designed and structurally characterized. These
subsequent boosters will be subtly different from the priming immunogen, designed to select for B-
cells that acquire specific somatic mutations, thereby incrementally guiding the antibody response
along a precise evolutionary pathway toward the breadth and potency required to neutralize the vast
diversity of circulating HIV strains. The HIV vaccine effort thus represents the pinnacle of the
iterative computational-experimental cycle—a long-term project to rationally design and
experimentally validate not just a single product, but an entire immunological process [122-126].

4.5. Broadly Protective Vaccines: Computationally Guided Design of Nanoparticle Vaccines for Influenza

The annual cycle of reformulating seasonal influenza vaccines to match circulating strains is a
stark reminder of the limitations of traditional vaccine approaches against rapidly evolving
pathogens. The quest for a “universal” influenza vaccine that provides broad and durable protection
against diverse strains has therefore become a major public health goal. Here again, the integrated
computational-experimental pipeline is at the forefront, primarily through the rational design of
nanoparticle-based immunogens that aim to redirect the immune response toward conserved viral
epitopes.

One major school of thought, mirroring the strategy for RSV and HIV, focuses on targeting the
highly conserved but immunologically subdominant hemagglutinin (HA) stem domain. The
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computational hypothesis is that by removing the variable, immunodominant HA head, an
engineered “headless” HA stem immunogen can focus the B-cell response on this vulnerable site,
which is the target of many known bNAbs. Corbett et al. (2019), for instance, used computational
protein design to stabilize headless HA stem trimers from group 2 influenza viruses and genetically
fused them to self-assembling ferritin nanoparticles [127]. The experimental validation for this design
was elegant and precise. By creating engineered B-cell lines expressing the computationally inferred
germline ancestors of human bNADbs, they demonstrated in vitro that their nanoparticle immunogens
could specifically bind to and activate the correct rare B-cell precursors required to initiate a broadly
protective immune response. This provided direct experimental evidence that the computationally
designed antigen could engage the desired cellular starting material.

A complementary, yet distinct, strategy aims not to hide the head but to diversify it. In this
approach, computational design is used to engineer “mosaic” nanoparticles that co-display HA
proteins from multiple, antigenically distinct influenza strains on the surface of a single nanoparticle
scaffold. The guiding hypothesis is that this multivalent, diverse presentation prevents any single
HA from eliciting an immunodominant strain-specific response, thereby promoting the expansion of
cross-reactive B-cells that recognize conserved epitopes. This concept was powerfully validated in
preclinical studies by Boyoglu-Barnum et al. (2021) [128-131]. Their quadrivalent mosaic nanoparticle
vaccine was tested in mice and ferrets and compared directly to a licensed commercial quadrivalent
influenza vaccine (QIV). The results were striking: while both vaccines induced strong immunity to
the vaccine-matched strains, the mosaic nanoparticle vaccine provided significantly broader
protection. It elicited higher levels of cross-reactive antibodies and, most importantly, conferred near-
complete protection against lethal challenge with mismatched and even heterosubtypic pandemic-
potential viruses like HSN1 and H7N9, against which the commercial vaccine offered little to no
protection.

Together, these parallel efforts in influenza research showcase the versatility of the
computational-experimental pipeline. Whether by focusing the immune response on a single
conserved domain or by broadening it through diverse antigen presentation, computationally-
guided nanoparticle design has been experimentally validated as a powerful and promising platform
for finally breaking the cycle of seasonal influenza and developing truly broadly protective vaccines.
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Figure 4. Advanced Immunogen Design Strategies for Broadly Neutralizing Antibodies.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.0078.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 November 2025 d0i:10.20944/preprints202511.0078.v1

15 of 25

5. Challenges, Future Directions, and Conclusion

Despite the remarkable successes that have reshaped the landscape of vaccine development, the
integrated computational-experimental paradigm is not without its challenges. The path from a
digital sequence to a protective immune response in a diverse human population is complex, and
significant hurdles remain. For the field to continue its rapid pace of innovation, it is critical to
acknowledge and address the gaps that still exist in prediction, translation, and the foundational data
infrastructure that supports all research.

5.1. Current Hurdles and Limitations

5.1.1. The Prediction Gap: From Binding to True Immunogenicity

A persistent challenge lies in the gap between what is computationally easy to predict and what
is immunologically relevant. Most T-cell epitope prediction algorithms, for instance, are highly
optimized to predict peptide-MHC binding affinity. While this is a necessary first step, it is not
sufficient for immunogenicity, which also depends on antigen processing, T-cell receptor recognition,
and the broader immunoregulatory context. This is particularly true for CD4+ T-cell epitopes, whose
longer, more variable peptide lengths and complex processing pathways make them significantly
harder to predict than their CD8+ counterparts [131,137]. Even greater difficulties plague the
prediction of B-cell epitopes. The vast majority of antibody recognition sites are conformational, yet
most widely used tools rely on linear sequence analysis. While structure-based predictors like
epitope3D have shown improved performance, the accurate ‘de novo’ prediction of conformational
B-cell epitopes remains a largely unsolved problem in computational immunology [138].

5.1.2. The Translational Gap: From Animal Models to Human Immunity

A second major hurdle is the translational gap between preclinical animal models and human
clinical outcomes. While essential for initial efficacy and safety validation, animal models —even non-
human primates —do not perfectly recapitulate the human immune system. Fundamental differences
in HLA/MHC diversity, the frequency and function of immune cell subsets, and the expression of
innate immune receptors mean that a vaccine candidate that performs flawlessly in a mouse or
macaque may elicit a suboptimal response or fail entirely in human trials. This discrepancy highlights
the risk of over-reliance on preclinical data and underscores the urgent need for more predictive
humanized models and in vitro human-cell-based systems to better bridge the gap between bench
and bedside.

5.1.3. The Data Gap: Building on a Foundation of Sand

Finally, the very foundation of the computational pipeline—data—faces systemic challenges.
The predictive power of any machine learning model is fundamentally limited by the quality and
quantity of the data it is trained on. The field of immunology suffers from a proliferation of
heterogeneous datasets with varying standards, formats, and levels of annotation, hindering the
development of robust, generalizable models. Furthermore, a lack of standardized model-sharing
practices often makes it difficult or impossible for researchers to reproduce, validate, or build upon
published computational work, contributing to a “reproducibility crisis” [134]. A growing consensus
within the community calls for a stronger commitment to the FAIR (Findable, Accessible,
Interoperable, and Reusable) data principles and the development of common platforms and
standards, ensuring that the foundational data and models upon which the next generation of
predictions will be built are solid and reliable [135].

5.2. The Next Frontier: Emerging Technologies and Concepts

Confronting these challenges is actively driving the next wave of innovation, with several
emerging technologies and concepts poised to redefine the boundaries of computational vaccinology.
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These frontiers promise not just to patch the gaps in the current pipeline but to create entirely new
capabilities for designing and validating vaccines with unprecedented precision and speed.

The horizon of immunogen design is being reshaped by the transition from predictive to
generative Al. While tools like AlphaFold excel at predicting the structure of existing proteins, new
deep learning frameworks are being developed to design completely novel proteins (de novo) with
precisely specified functions. Geometric deep learning models can now generate hyperstable protein
backbones capable of presenting specific epitopes or even design functional enzymes from scratch, a
capability confirmed through experimental validation [137]. This opens the door to creating bespoke
immunogens with ideal stability and antigenicity profiles. This rational design extends beyond the
antigen itself to the discovery of novel molecular adjuvants, where virtual screening and
computational chemistry can identify small molecules that target specific immune pathways, such as
the inhibition of regulatory T-cells, to enhance vaccine potency [138].

Perhaps the most ambitious goal is the realization of the “Immune Digital Twin” —a dynamic,
high-fidelity computational model of an individual’s entire immune system [138]. By integrating a
person’s genomic data, immune history, and real-time physiological state, such a model could serve
as a virtual avatar for personalized medical testing. This would enable in silico clinical trials, where
the safety and efficacy of multiple vaccine candidates and dosing strategies could be simulated for a
specific individual before a single physical dose is administered, revolutionizing clinical trial design
and ushering in an era of precision preventative medicine [139].

The fuel for these advanced Al models and digital twins will come from ever-deeper and more
comprehensive immune profiling. The next evolution of systems vaccinology is moving beyond
transcriptomics to integrate multi-omics data, including proteomics, metabolomics, and high-
dimensional single-cell analyses from techniques like mass cytometry (CyTOF). By capturing a more
holistic snapshot of the cellular and molecular response to vaccination, researchers can uncover more
subtle and powerful predictive signatures. The recent discovery of a platelet-related transcriptional
signature that predicts the durability of antibody responses across multiple different vaccines is a
powerful example of how deeper, multi-modal data can lead to novel mechanistic insights and
universally applicable biomarkers [140,141].

Ultimately, these disparate technological threads are weaving together toward the overarching
vision of truly personalized vaccinology. In this future paradigm, a patient’s unique genomic data
and immune profile could be used to inform their digital twin. Generative Al could then design a
bespoke vaccine—a custom immunogen and adjuvant combination optimized for that individual’s
specific HLA type, pre-existing immunity, and potential risk factors. This strategy would be tested
and refined in silico before being rapidly manufactured, likely via an mRNA platform. This
represents the full realization of the computational-experimental cycle, transforming vaccination
from a one-size-fits-all public health tool into a precise, personalized medical intervention.

6. Conclusion

The discipline of vaccinology has irrevocably transitioned from its empirical roots into a new
era of rational, predictive science. The central thesis of this review is that this transformation has been
powered by the establishment of a synergistic and iterative cycle between in silico prediction and
rigorous experimental validation. The journey from a digital sequence to a protective serum is no
longer a path of serendipity but a structured, multi-stage pipeline. Computational tools, ranging from
immunoinformatics for epitope discovery to artificial intelligence for de novo structural design, now
provide the blueprints for novel immunogens with unprecedented precision. Yet, these predictions
are only as valuable as their empirical confirmation. The experimental gauntlet—spanning
biochemical assays, functional cellular analyses, and definitive in vivo challenge studies—serves as
the indispensable arbiter of truth, grounding computational hypotheses in biological reality. The
landmark successes in developing vaccines for previously intractable targets like RSV and the historic
speed at which effective COVID-19 vaccines were created are not isolated triumphs but definitive
proof of this paradigm’s power. As computational capabilities continue to expand and our
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understanding of the human immune system deepens, this virtuous cycle—where data informs
models, models generate predictions, and experiments validate those predictions to generate new
data—will only accelerate. This fusion has fundamentally reshaped vaccinology into a more precise,
rational, and rapid discipline, one that is now better poised than ever to meet the global health
challenges of the future.
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