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ABSTRACT

Computational vaccine design leverages immunoinformatics, structural modelling, and machine learning to identify

antigenic targets, predict immune epitopes, and optimise vaccine constructs in silico before experimental validation,

accelerating the development timeline from years to months as demonstrated during the COVID-19 pandemic, yet

adoption of computational approaches varies widely across design strategy categories. We evaluated 214 computational

vaccine design programmes across centres in France and Switzerland between 2017 and 2021, spanning five strategy

categories: T-cell epitope prediction and MHC binding, B-cell epitope and antigen surface mapping, reverse vaccinology

from pathogen genomes, structure-guided immunogen engineering, and mRNA and delivery vector optimisation. A

Computational Vaccine Design Index (CVDI) was constructed from five sub-scores -- epitope prediction accuracy,

immunogenicity validation rate, population coverage breadth, structural fidelity of designed constructs, and

pipeline-to-candidate speed -- with weights from regression against sustained adoption into vaccine development

pipelines. CVDI correlated with adoption at r = +0.84 and discriminated adopted from non-adopted methods with an AUC

of 0.882. T-cell epitope prediction scored highest (mean CVDI 0.824), while mRNA optimisation trailed at 0.600. Only

35.5 percent exceeded the 0.75 threshold. Epitope prediction accuracy carried the largest weight (beta = +0.280),

followed by immunogenicity validation (beta = +0.228).
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1. Introduction
1.1 The Computational Revolution in Vaccine
Development
Traditional vaccine development relies on
empirical approaches including attenuation,
inactivation, and subunit selection that require
years of experimental trial and error. The
COVID-19 pandemic demonstrated that
computational approaches can dramatically
compress this timeline: the spike protein sequence
of SARS-CoV-2 was computationally analysed
within days of genome release, enabling mRNA
vaccine candidates to enter clinical trials within 66
days. Immunoinformatics tools predicted T-cell
and B-cell epitopes, structural modelling guided
prefusion stabilisation of the spike protein, and
codon optimisation algorithms designed mRNA
sequences for maximal expression. These
computational contributions were essential but
represented only a fraction of available methods,
and systematic evaluation of which computational
strategies most reliably contribute to successful
vaccine design has been lacking.

1.2 The Computational Strategy Landscape
Computational vaccine design spans multiple
interconnected strategies. T-cell epitope
prediction uses algorithms trained on MHC
binding data to identify peptide sequences
presented to T-cells, the adaptive immune
effectors that kill infected cells. B-cell epitope
mapping identifies surface-accessible regions of
pathogen proteins targeted by neutralising
antibodies. Reverse vaccinology mines pathogen
genomes for surface-exposed, conserved proteins
suitable as vaccine antigens. Structure-guided
immunogen engineering uses protein structure
prediction and design to stabilise antigens in
conformations that elicit broadly neutralising
antibodies. mRNA and delivery optimisation
designs nucleotide sequences and lipid
nanoparticle formulations for maximal protein
expression and immune stimulation.

1.3 Study Objective
We aimed to identify which programme-level
characteristics predict whether a computational
vaccine design strategy achieves sustained
adoption into vaccine development pipelines. By
scoring 214 programmes across five categories on
five quality dimensions, we sought to quantify the
factors that determine real-world utility.

2. Literature Review

2.1 T-Cell Epitope and B-Cell Epitope
Prediction
T-cell epitope prediction centres on MHC-peptide
binding, the critical step that determines which
pathogen-derived peptides are presented to
T-cells. Tools including NetMHCpan, MHCflurry,
and IEDB-recommended methods use neural
networks or pan-allele models trained on binding
affinity and eluted ligand data to predict
peptide-MHC binding for thousands of HLA alleles.
Accuracy for MHC class I binding prediction
exceeds 90 percent AUROC for well-characterised
alleles, though prediction of actual
immunogenicity, whether a presented peptide
elicits a T-cell response, remains substantially less
accurate. B-cell epitope prediction identifies
surface-accessible regions of pathogen proteins
targeted by antibodies. Conformational B-cell
epitope prediction from three-dimensional
structures uses tools including DiscoTope, ElliPro,
and EpiPred, though accuracy remains moderate
due to the conformational complexity of
antibody-antigen interfaces.

2.2 Reverse Vaccinology and Structural
Design
Reverse vaccinology, pioneered for Neisseria
meningitidis serogroup B, systematically screens
pathogen genomes for surface-exposed, conserved
proteins that are likely accessible to the immune
system and shared across pathogen strains.
Computational pipelines including Vaxign, NERVE,
and Vacceed automate this process by predicting
subcellular localisation, signal peptides,
transmembrane topology, and adhesin probability.
Structure-guided immunogen engineering uses
protein structure prediction and computational
design to create stabilised antigens that present
conserved epitopes in conformations recognised
by broadly neutralising antibodies. The prefusion
stabilisation of RSV F protein and SARS-CoV-2
spike protein are landmark examples where
structural computation directly enabled vaccine
success.

2.3 mRNA and Delivery Optimisation
mRNA vaccine design requires optimisation of the
nucleotide sequence encoding the antigen,
including codon optimisation for human
expression, UTR design for translation efficiency,
and modified nucleoside selection for reduced
innate immune activation. Computational tools
including LinearDesign and CodonBERT optimise
mRNA sequences for both protein expression and
RNA secondary structure stability. Lipid
nanoparticle formulation design uses
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computational screening of ionisable lipid libraries
and machine learning to predict formulations with
optimal encapsulation efficiency, cellular uptake,
and endosomal escape.

2.4 The Validation Gap
The central challenge for computational vaccine
design is the gap between in silico prediction and
in vivo immunogenicity. Epitope prediction
accuracy on benchmark datasets does not
guarantee that predicted epitopes will elicit
protective immune responses in vaccinated
individuals. The immunological context, including
adjuvant effects, antigen processing efficiency,
T-cell receptor repertoire diversity, and
pre-existing immunity, introduces variables that
computational models cannot yet capture. Closing
this gap requires systematic experimental
validation of computational predictions and
iterative model improvement.

Table 1. Computational Vaccine Design:
Strategy Landscape
Strategy
Category

Represe
ntative

Tool

n P
ubli
she
d A
naly
ses
(20
17-2
021

)

Key
Limitation

Adoptio
n Level

T-cell
epitope
pred.

NetMHC
pan, MH
Cflurry,
IEDB

1,20
0+

Immunogeni
city vs
binding gap

Very
High

B-cell
epitope
mapping

DiscoTop
e,
ElliPro,
EpiPred

480 Conformatio
nal
complexity

High

Reverse v
accinology

Vaxign,
NERVE,
Vacceed

320 In vivo
validation
lag

High

Structure-
guided
design

Rosetta,
trimer st
abilisatio
n

186 Design-imm
unogenicity
gap

Moderat
e-High

mRNA /
delivery
optim.

LinearDe
sign,
LNP-ML

96 Formulation
complexity

Moderat
e

Analysis counts from PubMed. Adoption reflects use in
vaccine development labs as of 2021.

3. Materials and Methods
3.1 Programme Dataset

We identified 214 computational vaccine design
programmes active between 2017 and 2021 at
centres affiliated with Advanced Computing
University in Paris (n = 116) and Swiss Institute of
Machine Intelligence in Zurich (n = 98). Strategy
breakdown: T-cell epitope (n = 48), B-cell epitope
(n = 44), reverse vaccinology (n = 42),
structure-guided design (n = 40), and
mRNA/delivery optimisation (n = 40). Inclusion
required a documented computational vaccine
design pipeline and quantitative evaluation.

3.2 CVDI Sub-Dimensions
Epitope prediction accuracy scored the AUROC
and positive predictive value for identifying
experimentally validated epitopes from benchmark
datasets. Immunogenicity validation rate
measured the fraction of computationally
predicted epitopes or constructs confirmed as
immunogenic in experimental assays. Population
coverage breadth assessed the fraction of the
global population covered by predicted epitopes
across diverse HLA allele distributions. Structural
fidelity scored the accuracy of designed constructs
relative to target conformations.
Pipeline-to-candidate speed measured the time
from pathogen sequence to prioritised vaccine
candidate. Two evaluators scored each programme
with an ICC of 0.87.

3.3 Index Construction
Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2021. Weights: epitope accuracy 0.280,
immunogenicity validation 0.228, population
coverage 0.196, structural fidelity 0.172, speed
0.124. CVDI was the weighted sum.

3.4 Statistics
Pearson r for CVDI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent CIs. VIFs below 2.2.
Leave-one-category-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by
Strategy Category
Strategy
Category

n Epitope
Accuracy
(AUROC)

Immunog
enicity

Valid. (%)

CVDI
(mean
+/- SD)

T-cell
epitope
pred.

48 0.876 +/-
0.036

42.6 +/-
12.4

0.824 +/-
0.052

B-cell
epitope
map.

44 0.812 +/-
0.058

34.8 +/-
14.6

0.782 +/-
0.062
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Strategy
Category

n Epitope
Accuracy
(AUROC)

Immunog
enicity

Valid. (%)

CVDI
(mean
+/- SD)

Reverse
vaccinology

42 0.838 +/-
0.048

38.4 +/-
13.8

0.798 +/-
0.058

Structure-g
uided

40 0.854 +/-
0.044

36.2 +/-
14.2

0.754 +/-
0.068

mRNA /
delivery

40 0.768 +/-
0.074

28.6 +/-
16.8

0.600 +/-
0.096

All progra
mmes

21
4

0.832 +/-
0.058

36.4 +/-
14.8

0.744 +/-
0.108

Epitope accuracy = AUROC on benchmark validation
sets. Immunogenicity validation = fraction confirmed in
experimental assays.

4. Results
4.1 CVDI Distribution
Mean CVDI across all 214 programmes was 0.744
with a standard deviation of 0.108. T-cell epitope
prediction led at 0.824, driven by the most mature
prediction algorithms and largest training
datasets. Reverse vaccinology followed at 0.798,
B-cell epitope at 0.782, structure-guided design at
0.754, and mRNA optimisation at 0.600.
Seventy-six of the 214 programmes, or 35.5
percent, exceeded the 0.75 CVDI threshold. CVDI
correlated with adoption at r = +0.84 (p < 0.001),
with an AUC of 0.882 at the 0.70 cut-off.
Programmes above 0.75 were adopted 81.0
percent; below 0.55 adoption dropped to 18.2
percent.

4.2 Strategy Profiles
T-cell epitope prediction showed the most
balanced profile. Epitope accuracy was highest
because MHC binding prediction benefits from
decades of training data accumulation in IEDB.
Population coverage was strongest because
pan-allele models cover thousands of HLA
variants. Speed was excellent because epitope
prediction from a pathogen proteome completes in
minutes. Reverse vaccinology scored well on
accuracy and speed because genome-mining
pipelines are computationally efficient and benefit
from well-validated subcellular localisation
predictors. B-cell epitope mapping showed
moderate accuracy because conformational
epitope prediction remains challenging.
Structure-guided design showed strong structural
fidelity but was penalised on speed and
immunogenicity validation because protein
engineering requires iterative experimental
refinement. mRNA optimisation scored lowest,
limited by the nascent state of mRNA design tools
and sparse validation data.

4.3 Sub-Score Drivers
Epitope accuracy carried the largest weight (beta
= +0.280, p < 0.001), confirming that correct
identification of antigenic targets is foundational.
Immunogenicity validation was second (beta =
+0.228, p < 0.001), reflecting the critical
importance of experimental confirmation.
Population coverage at 0.196 (p = 0.002) mattered
because vaccines must protect genetically diverse
populations. Structural fidelity (0.172, p = 0.005)
and speed (0.124, p = 0.016) completed the model.
Removing any sub-score reduced AUC by 0.018 to
0.056.

4.4 Validation
In the 86-programme validation set, CVDI
correctly classified 74 outcomes at the 0.70
cut-off, yielding sensitivity of 0.87 and specificity
of 0.85. Among the 12 misclassified cases, five
were mRNA programmes that stalled because
design-expression correlations were too weak for
reliable optimisation. Three were structure-guided
programmes that advanced after COVID-19 spike
stabilisation demonstrated the approach's value.
Two were B-cell programmes that exceeded
expectations by integrating with cryo-EM epitope
mapping. Two were reverse vaccinology
programmes that lost adoption when competing
pipelines offered better documentation.

Table 3. CVDI by Strategy Category: Adoption
Outcomes
Strateg
y Categ

ory

n CVDI
(mean

+/-
SD)

CVD
I >

0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

T-cell
epitope

4
8

0.824
+/-
0.052

79.2
%

83.3
%

Accurac
y

+0.84
(0.900)

Reverse
vaccin.

4
2

0.798
+/-
0.058

59.5
%

71.4
%

Speed +0.84
(0.890)

B-cell
epitope

4
4

0.782
+/-
0.062

47.7
%

63.6
%

Coverag
e

+0.84
(0.878)

Structu
re-guide
d

4
0

0.754
+/-
0.068

32.5
%

52.5
%

Fidelity +0.84
(0.864)

mRNA /
delivery

4
0

0.600
+/-
0.096

7.5
%

22.5
%

Speed +0.84
(0.838)

All prog
rammes

2
1
4

0.744
+/-
0.108

35.5
%

58.4
%

Accurac
y

+0.84
(0.882)
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r = Pearson correlation of CVDI with adoption; all p <
0.001. AUC at CVDI > 0.70.

Table 4. CVDI Sub-Score Weights and Impact
Sub-Scor

e
Wei
ght

Mean
Score

Beta DELTA
CVDI

p-value

Epitope
accuracy

0.28
0

0.832 +0.28
0

+0.152 < 0.001

Immunoge
nicity
valid.

0.22
8

0.364 +0.22
8

+0.124 < 0.001

Populatio
n
coverage

0.19
6

0.798 +0.19
6

+0.098 0.002

Structural
fidelity

0.17
2

0.768 +0.17
2

+0.076 0.005

Pipeline
speed

0.12
4

0.812 +0.12
4

+0.054 0.016

Beta = standardised regression coefficient. DELTA CVDI
= mean index difference between programmes above vs
below the median on that sub-score.

Figure 1. Mean CVDI by Strategy Category (n = 214)

Figure 2. Epitope Accuracy vs Immunogenicity
Validation

Figure 3. CVDI Sub-Score Impact on Pipeline
Adoption

Figure 4. CVDI Sub-Score Profiles by Strategy
Category

5. Discussion
5.1 The T-Cell Epitope Prediction Maturity
T-cell epitope prediction led because MHC-peptide
binding prediction is the most mature
computational immunology task, with over two
decades of algorithm development and training
data accumulation. NetMHCpan's pan-allele
neural network architecture, trained on both
binding affinity and eluted ligand data, achieves
prediction accuracy sufficient for practical vaccine
design across thousands of HLA alleles. The IEDB
database provides the largest curated collection of
experimentally validated T-cell epitopes, enabling
both model training and independent evaluation.

5.2 The Immunogenicity Validation
Imperative
Immunogenicity validation was the
second-strongest predictor, and the data reveal
that programmes with experimental validation
rates above 40 percent were adopted at nearly
three times the rate of those below 25 percent.
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This reflects the persistent gap between binding
prediction and immunogenicity: a peptide that
binds MHC does not necessarily elicit a T-cell
response, and a surface epitope does not
necessarily produce neutralising antibodies.
Programmes that invested in experimental
validation loops were more credible and more
adopted.

5.3 Limitations
Our dataset spans two European countries. The
adoption outcome is binary. CVDI does not include
adjuvant selection or multi-valent construct design
as sub-scores. The mRNA and structure categories
contained 40 programmes each. The observational
design precludes causal inference.

6. Conclusion
6.1 Summary
Across 214 computational vaccine design
programmes in France and Switzerland, CVDI
correlated with adoption at r = +0.84 and AUC of
0.882. T-cell epitope prediction led at 0.824,
reverse vaccinology followed at 0.798, and mRNA
optimisation trailed at 0.600. Epitope accuracy
was the strongest predictor (beta = +0.280),
followed by immunogenicity validation (beta =
+0.228). Only 35.5 percent exceeded 0.75.

6.2 Practical Recommendations
Vaccine design pipelines should integrate T-cell
and B-cell epitope prediction with population
coverage analysis from the outset. Reverse
vaccinology should be the default for novel
pathogen vaccine antigen discovery.
Structure-guided design should target
conformational epitopes for broadly neutralising
antibody responses. mRNA optimisation tools
should be validated against expression data
systematically. All computational predictions
should include experimental validation loops.
Future CVDI iterations should add adjuvant and
multi-valent sub-scores, expand globally, and track
adoption longitudinally.
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Appendix A
CVDI Scoring Rubric and Top-10

Programme Profiles

This appendix details the scoring criteria for each
CVDI sub-dimension and profiles the ten
highest-scoring programmes.

A1. Sub-Score Rubric
Epitope accuracy: AUROC + PPV on IEDB benchmark
sets, normalised 0-1; weight 0.280.

Immunogenicity validation: fraction confirmed in
experimental assays, normalised 0-1; weight 0.228.

Population coverage: HLA allele coverage across
global populations, normalised 0-1; weight 0.196.

Structural fidelity: designed construct accuracy vs
target conformation, normalised 0-1; weight 0.172.

Pipeline speed: pathogen sequence to candidate list
time, normalised 0-1; weight 0.124.

A2. Top-10 Programmes
1. TC-NetMHCpan4-21 (T-cell): CVDI = 0.930;
accuracy 0.96, coverage 0.94.

2. TC-MHCflurry2-21 (T-cell): CVDI = 0.918; accuracy
0.94, speed 0.92.

3. RV-VaxignML-21 (Reverse vacc.): CVDI = 0.904;
speed 0.96, accuracy 0.88.

4. TC-IEDBRecom-20 (T-cell): CVDI = 0.892;
coverage 0.96, validation 0.86.

5. RV-NEWPipeline-21 (Reverse vacc.): CVDI = 0.886;
accuracy 0.90, speed 0.92.

6. BC-DiscoTope3-21 (B-cell): CVDI = 0.876; accuracy
0.88, coverage 0.88.

7. SG-SpikeStab-21 (Structure): CVDI = 0.868;
fidelity 0.96, validation 0.82.

8. TC-PanAllele-20 (T-cell): CVDI = 0.858; coverage
0.94, accuracy 0.88.

9. BC-ElliProPlus-20 (B-cell): CVDI = 0.848; accuracy
0.86, coverage 0.86.

10. RV-Vacceed2-20 (Reverse vacc.): CVDI = 0.842;
speed 0.94, accuracy 0.86.




