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Machine learning-enhanced
immunopeptidomics applied to T-cell
epitope discovery for COVID-19 vaccines
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Next-generation T-cell-directed vaccines for COVID-19 focus on establishing
lasting T-cell immunity against current and emerging SARS-CoV-2 variants.
Precise identification of conserved T-cell epitopes is critical for designing
effective vaccines. Here we introduce a comprehensive computational fra-
mework incorporating a machine learning algorithm—MHCvalidator—to
enhance mass spectrometry-based immunopeptidomics sensitivity. MHCvali-
dator identifies unique T-cell epitopes presented by the B7 supertype,
including an epitope from a + 1-frameshift in a truncated Spike antigen, sup-
ported by ribosome profiling. Analysis of 100,512 COVID-19 patient proteomes
shows Spike antigen truncation in 0.85% of cases, revealing frameshifted viral
antigens at the population level. Our EpiTrack pipeline tracks globalmutations
of MHCvalidator-identified CD8 +T-cell epitopes from the BNT162b4 vaccine.
While most vaccine epitopes remain globally conserved, an immunodominant
A*01-associated epitope mutates in Delta and Omicron variants. This work
highlights SARS-CoV-2 antigenic features and emphasizes the importance of
continuous adaptation in T-cell vaccine development.

The emergence of the COVID-19 pandemic, which is attributed to the
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), spur-
red the rapid development of many vaccines1. The effective deploy-
ment of vaccines that integrate the SARS-CoV-2 spike (S) protein has
played a pivotal role in safeguarding millions of individuals from
severe illness through stimulation of both antibody and cell-mediated
immune responses2. However, the S protein has been experiencing
significant mutations during the pandemic, leading to the emergence
of antibody escape mechanisms by SARS-CoV-2 variants3–5. This

underscores the importance of promoting T-cell immunity directed
towards conserved SARS-CoV-2 antigens, which could provide more
robust protection against severe disease caused by current and
forthcoming hypermutated variants6–8. To address this objective, at
least two T-cell-directed vaccines, CoVac-1 and BNT162b4, have
recently been developed and are undergoing clinical trials9–12. CoVac-1,
a multi-peptide-based T-cell activator, aims to induce broad and
enduring SARS-CoV-2 T-cell immunity and is currently advancing to
phase III clinical trials (NCT04954469)9–11. BNT162b4, a T-cell-directed
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mRNA-based vaccine, encodes conserved non-S antigens and is
undergoing clinical evaluation in conjunction with the Omicron-
updated bivalent BNT162b2 (NCT05541861)12.

To enhance the design of next-generation T-cell vaccines target-
ing future SARS-CoV-2 variants, the creation of comprehensive digital
maps that encompass the entire spectrum of SARS-CoV-2 peptides
presented by HLA molecules, along with a detailed understanding of
their mutational dynamics is of paramount importance13–15. To achieve
this goal, the development of unbiased and scalable hardware and
software is needed16. In this regard, Mass Spectrometry (MS)-based
immunopeptidomics stands out as a powerful scalable method for the
unbiased identification of HLA-associated peptides17–19. In fact, MS has
been increasingly applied in recent years to characterize the SARS-
CoV-2 immunopeptidome20–30. These efforts have not only revealed
conventional SARS-CoV-2 T-cell epitopes but also uncovered uncon-
ventional epitopes, including those arising from noncanonical trans-
lation, often escaping detection by conventional epitope mapping
approaches22,23.

From a technical standpoint, MS-based immunopeptidomics
involves the sequential processes of isolating HLA-associated peptides
through immunoaffinity capture, peptide elution, and acquisition by
Liquid Chromatography coupled to tandem Mass Spectrometry (LC-
MS/MS)17,31,32. The subsequent matching of peptide sequences to the
tandem mass spectra obtained from MS/MS (i.e. peptide-spectrum
matches (PSMs)) is executed using proteomics database search
engines such as SEQUEST33, Comet34, MS-GF + 35, MSFragger36,
SpectroMine37, PEAKS38, or Andromeda, which is included in the
MaxQuant environment39,40. These computational tools compare each
experimental MS/MS spectrum against a set of theoretical MS/MS
spectra derived for every candidate peptide based on a provided
protein or peptide sequence database, assigning a score to each PSM
and reporting those with the top scores. Since each experimental MS/
MS spectrum is matched to at least one peptide sequence, many of
those matches are false positives. To control the downstream false
discovery rate (FDR), decoy peptides, representing shuffled or
reversed versions of peptide sequences from the “target” protein
sequence database41, are also used to match experimental MS/MS
spectra by database search engines. Subsequently, target and decoy
PSMs serve as input for computational post-processing tools like
PeptideProphet42–44 and Percolator45,46. Such tools combine database
searchengine scores, aswell as sequenceand spectrumproperties that
areuseful for discriminationbetween target anddecoy PSMs. Since the
search space of possible HLA-bound peptides is larger than that of
peptides typically obtained in standard proteomics experiments, the
number of false positives tend to be higher in immunopeptidomics
experiments47. To attempt to address this issue, there have been
additional machine learning (ML) and deep learning (DL) tools
described (e.g. DeepRescore, Prosit, MS2Rescore, MSBooster) that add
features (i.e. peptide fragmentation patterns and retention times) to
Percolator input files to further enhance validation of peptides in
immunopeptidomics48–51. Another strategy identifying peptides from
MS/MS spectra without the use of protein sequence database was
recently proposed to yield de novo identification of HLA-peptides52.

The rules of antigen processing and presentation (APP) have been
studied, assessed, and incorporated into prediction algorithms to
predict T-cell epitopes53,54. For instance, MHCflurry55,56 and
NetMHCpan57–59 are two widely used algorithms that merge scores
derived from APP properties. MHCflurry encompasses two essential
predictors: an “antigen processing” predictor, which models MHC
allele-independent effects like proteosomal cleavage, and a “pre-
sentation” predictor that combines processing predictions with HLA-
peptide binding affinity (BA) predictions to yield a composite “pre-
sentation score (PS)”. On the other hand, NetMHCpan generates both
HLA-peptide binding affinity (BA) and eluted ligand (EL) prediction
scores. Previous studies have applied those scores as a target-decoy

discriminative factor for validating PSMs in immunopeptidomics but
face challenges in maintaining consistency in the treatment of
PSMs60–62. In principle, a more comprehensive incorporation of those
scores into the modeling process for PSM confidence assessment
could significantly enhance the sensitivity and accuracy of HLA-
peptide identification at a fixed FDR, which is particularly important in
the context of developing a robust platform for optimal vaccine
design. Such an approach allows to directly control FDR in contrast
with the popular practice in the field of immunopeptidomics, where
score filtering is applied after the FDR estimation process63. The
inclusion of APP prediction scores in discriminating target from decoy
PSMs relies, however, on the performance of the prediction algorithms
in addition to require prior knowledge of HLA alleles expressed in the
samples. To overcome this limitation, a recent development involves
the creation and implementation of a sequence encoder strategy,
which aims to learn primary sequence elements that distinctly char-
acterize HLA-peptides64. This approach has a greater discovery
potential since it considers both well-established and potentially less-
characterized sequence motifs65. However, unlike APP prediction
scores, encoded peptide sequences cannot be easily incorporated into
a PSM confidence assessment software package such as Percolator.
This limitation arises from Percolator’s underlying support vector
machine (SVM) model, which lacks inherent flexibility in accom-
modating variable-length sequence inputs. Therefore, more versatile
PSMconfidence assessmentmethods are needed to replace Percolator
and leverage standard PSMquality features, APP prediction scores and
peptide amino acid sequences in order to enhance the validation of
HLA-I-specific PSMs in immunopeptidomics.

While MS-based immunopeptidomics demonstrates significant
capabilities, its accessibility remains somewhat restricted, impeding
researchers’ capacity to conduct direct measurements of SARS-CoV-2
immunopeptidomes and their associated mutational dynamics on a
large population scale16,66. In contrast, the widespread availability of
genome sequencing technologies has facilitated the extensive
sequencing of over 14 million SARS-CoV-2 sequences and 3,423 linea-
ges, including B.1.1.7 (alpha), B.1.617.2 (delta), B.1.1.529 (omicron) and
its hypermutated variant BA.2.86 (Pirola)67. Such large-scale genomic
data have been used to track the mutational dynamics of T-cell epi-
topes to study T-cell escape mechanisms by SARS-CoV-2 variants14.
Large-scale genome sequencing of SARS-CoV-2 has also been useful to
study the intra-host variation and evolutionary dynamics of SARS-CoV-
2 populations in COVID-19 patients68. Genomic heterogeneity of the
virus within a host can indeed be analysed by capturing intra-host
Single Nucleotide Variations (iSNVs)68,69. Those intra-host variations
are generated by mutations initiated randomly in a small fraction of
viruses during infection, providing amutational pool shaping the rapid
global evolution of the virus68–70. Intra-host genetic diversity of SARS-
CoV-2 lineages have been studied from relatively large cohorts of
COVID-19 patients70,71, both in unvaccinated and vaccinated
individuals72, but the integration of such large-scale genomic data with
ML-enhanced immunopeptidomics for informing vaccine design
against SARS-CoV-2 variants remains largely unexplored.

In this work, we show a unique computational framework and
analysis platform that provide valuable insights for T-cell vaccine
design against SARS-CoV-2 variants. This platform comprises six
modules (Fig. 1): (1) MS-based immunopeptidomics of new and pub-
licly available datasets, (2) ML-based MHCvalidator, (3) intra-host
genomic variations of SARS-CoV-2 populations from a large cohort of
100,512 infected patients, (4) T-cell epitope immunogenicity, (5) Epi-
Track for monitoring the geo-temporal mutational dynamics of
vaccine-relevant T-cell epitopes across 14.6 million SARS-CoV-2
sequences and 3,423 lineages, and (6) selection of immunogenic and
stable T-cell epitopes to inform T-cell vaccine design (BNT162b4 is
shown as an example tested in this study). The analysis platform is
applicable to any viruses. Below, we describe the development of
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MHCvalidator and show its utility to boost the unbiased discovery of
conserved T-cell epitope vaccine candidates through population-scale
multi-omic data integration and improved immunopeptidomics
sensitivity.

Results
MHCvalidator replaces Percolator for PSM confidence assess-
ment in immunopeptidomics
MHCvalidator enables validation of PSMs from MS-based immuno-
peptidomics experiments, integrating both database search metrics
and MHC interaction/presentation predictors into the discriminant
function (for details, see https://github.com/CaronLab/mhc-validator
and the Methods section ‘MHCvalidator design’). Briefly, MHCvali-
dator features amulti-layer perceptron (MLP) neural network validator
(NN-validator) as its core component and was designed to be run in
three different configurations that can be combined to obtain max-
imum gain in confidence of PSMs (Fig. 2a and Supplementary Fig. 1).
Search results from a database search engine (e.g. Comet) are used as
input files (PIN or csv).

Using an immunopeptidomic dataset generated from JY cells
(HLA-A*02:01; -B*07:02; -C*07:02), we showed superior performance
of NN-validator over Percolator at all FDR below 5% (Fig. 3a), particu-
larly in low-input samples (Supplementary Fig. 1c). In addition to NN-
validator, MHCvalidator integrates two other key components: APP
prediction algorithms (NetMHCpan and MHCflurry) and a convolu-
tional neural network (CNN) based peptide sequence encoder (PE)
(Fig. 2a). APP integrates prediction scores, which clearly show dis-
criminating power in distinguishing between target and decoy PSMs
from database search (Fig. 2b and Supplementary Fig. 2). PE encodes
the peptide sequences and feeds them directly into the MLP of NN-
validator as additional numerical features (Fig. 2c) (see Methods for
details). Thus, MHCvalidator is de-facto inherently designed to gen-
erate a list of high-confidence HLA class I-specific PSMs.

MHCvalidator outperforms percolator to identify HLA-I self-
peptides in cell lines
Next, we tested the configurations of MHCvalidator in different
immunopeptidomics experiments. On the dataset generated from JY

cells, our results show that all MHCvalidator configurations out-
performed Percolator in validating HLA-I-specific PSMs (Fig. 3a, b).
Notably, the “NN-validator+PE + APP” configuration consistently
delivered the most favorable results across all PSM-level FDRs below
5%. At peptide-level FDR 1%, a total of 4775 high-confidence HLA-I-
specific peptides were validated by both MHCvalidator (NN-validator
+PE +APP) and Percolator while 1,537 high-confidence HLA-I-specific
peptides were uniquely identified by MHCvalidator (Fig. 3b and Sup-
plementary Data 1). Percolator identified 3,238 high-confidence HLA-I-
specificpeptideswithonly64 thatwerenot detectedbyMHCvalidator.
MHCvalidator (NN-validator+PE + APP) therefore yielded a ~ 150%
increase in identified peptides. PSMs thatwere uniquely determined as
high-confidence by MHCvalidator showed typical HLA binding motifs
associated to A*02:01, B*07:02 and C*07:02 from JY cells (Fig. 3c). To
rigorously validate these PSMs independent of motif filtering, we
incorporated supplementary validation techniques such as MS/MS
spectrum prediction similarity and retention time prediction (see
“Methods”). A comparison was made between two groups: (1) PSMs
uniquely identified by MHCvalidator, and (2) PSMs identified by both
Percolator and MHCvalidator. Specifically, we computed delta reten-
tion time, spectral angle, Pearson correlation, and Spearman correla-
tion for each PSM (Fig. 3d). Our findings indicate that PSMs validated
by MHCvalidator exhibited similar value distributions to those vali-
dated by both Percolator and MHCvalidator (Fig. 3e–h). These vali-
dation steps confirm the reliability of the PSMs identified uniquely by
MHCvalidator, ensuring that these peptides are not false positives and
adding robustness to our findings beyond motif-based filtering.
Moreover, our analysis showed that MHCvalidator outperformed
DeepRescore, a Percolator-dependent complementary tool for PSM
rescoring49, across all PSM-level FDRs below 5% (Supplementary
Fig. 3a, b). Thus, MHCvalidator significantly boosts the sensitivity of
peptide identification at a fixed FDR compared with filtering the data
using individual HLA binding prediction scores post-peptide
validation.

To compare the performance between MHCvalidator and Perco-
lator for a large panel of HLA-I alleles, we used 310 publicly available
MS rawfiles generated from71HLAclass Imono-allelic cell lines73. For a
total of 157,973 high-confidence HLA-I-specific peptides identified by

Fig. 1 | Schematic of the computational framework and analysis platform for
informing next-generation T-cell vaccine design. (1) MS-based immunopepti-
domics for data acquisition, (2) MHCvalidator for HLA-I-specific PSMs confidence
assessment and optimal identification of both canonical and non-canonical HLA-I
viral peptides, (3) population-scale analysis of SARS-CoV-2 proteome diversity
using intra-host databases, (4) T-cell epitope immunogenicity assessment, (5)

EpiTrack for geo-temporal analysis of epitope conservation across variants, (6)
selection of immunogenic and stable epitopes to inform optimal T-cell vaccine
design. T-cell epitopes encoded by the BNT162b4 mRNA-based vaccine were ana-
lyzed in this study. Created in BioRender. Hamelin, D. (2024) BioRender.com/
l76m979.
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both Percolator andMHCvalidator (1% FDR), 99%of those identified by
Percolator were also deemed as high-confidence by MHCvalidator
while 45,388 additional peptides (28%) were uniquely identified by
MHCvalidator, thereby representing a 1.4-fold improvement in overall
performance over Percolator (Supplementary Fig. 4a). On average,
MHCvalidator yielded ~1.34, ~1.59, and ~1.97 times more high-
confidence HLA-A, -B, and -C-specific PSMs compared to Percolator,
respectively (Supplementary Fig. 4b). MHCvalidator under the NN-
validator+PE +APP configuration achieved increased identification
sensitivity relative to Percolator for 70 out of 71 alleles represented in
the experiments (Supplementary Fig. 4c). We also observed that the
increased PSM validation rate was HLA allele-dependent, showing a

median increase of ~1.47 and reaching up to a ~5.3-fold increase for
HLA-C*07:01 (Supplementary Fig. 4c). Interestingly, we observed an
increase in peptide identification capabilities of MHCvalidator com-
pared to Percolator when the ratio of target PSMs vs decoy PSMs
decreases (Supplementary Fig. 4c). This hints that MHCvalidator’s
benefits over Percolator (i.e. increased peptide identification sensitiv-
ity) are greater when the quality of experiments and datasets appear to
decrease. In experiments where we observed a high-confidence PSM
fold-increase (MHCvalidator/Percolator) greater than 4.0, 99% of the
peptides identified by Percolator overlapped with those identified by
MHCvalidator, while the latter enabled a 2.9-fold increase in peptide
identification (3,095 vs 1,076 peptides), most of them being HLA-C
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configurations of MHCvalidator. The components governing the configurations of
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various prediction scores generated by MHCflurry and NetMHCpan. c Cartoon
illustrating the sequence encoding process and the learned filters for PSM rescor-
ing based on sequence composition.
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MHCvalidator (upper motifs), and uniquely by MHCvalidator (lower motifs) in (b).
d Mirror images of a representative MS/MS spectra showing alignments of frag-
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(f), Person correlation (g) and Spearman correlation (h) for peptides uniquely
identified with MHCvalidator versus those identified by both Percolator and
MHCvalidator. Source data are provided as a Source Data file.
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peptides and matching their corresponding binding motifs (Supple-
mentary Fig. 4c). These results suggest that MHCvalidator performs
more efficiently in low-input samples (e.g. less peptides or peptides of
lesser abundances) containing a lower fraction of target PSMs.

To gain a deeper understanding of the performance of MHCvali-
dator with low-input samples, we performed an evaluation using MS
data generated from twofold serial dilutions (undiluted, 2x, 4x, 8x and

16x) of HLA-I peptides isolated from JY cells (Fig. 4a). Immunopepti-
domicsMS data were searched using Comet, then PSMconfidencewas
assessed by MHCvalidator (NN-validator+PE + APP at 1% PSM-level
FDR) or Percolator (1% PSM-level FDR andNetMHCpan4.1 EL %rank<2).
To establish a benchmark, we employed the set of peptides deemed of
high-confidence by Percolator in the undiluted sample as the bench-
marking reference (Fig. 4a). We then evaluated the performance of
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MHCvalidator and Percolator at each dilution point relative to the
benchmarking reference. Notably, MHCvalidator achieved a higher
sensitivity than Percolator for peptide identifications versus the
benchmarking reference at all dilution points, with the least
improvement in the undiluted sample (~1.5-fold increase) and the
greatest improvement in the most diluted sample (~3.6-fold increase)
(Fig. 4a). We also observed that MHCvalidator consistently validated
more peptides than Percolator did in the previous dilution point. For
instance,MHCvalidator yielded ~3,250 high-confidencepeptides in the
4x dilution, while Percolator yielded ~2500 high-confidence peptides
in the 2x dilution. Furthermore, the majority of the peptides deemed
high-confidence by MHCvalidator overlapped with the benchmarking
reference, even in the most diluted sample in which MHCvalidator
performs best. Thus, our results indicate that MHCvalidator excels at
assessing the confidence of PSMs from low-input samples.

To determine the possible features that could explain this differ-
ence in sensitivity in low-input samples, we compared quality of PSM
(Xcorr values) andpeptide lengthbetween PSMs identifieduniquely by
MHCvalidator and those identified by Percolator, specifically in the
16x-diluted sample. Our analysis shows that, on average, the Xcorr
values for peptides uniquely identified by MHCvalidator were sig-
nificantly lower compared to those identified by Percolator
(p = 1.2'7 × 10−46) (Fig. 4b). However, we found no significant difference
in peptide length between the peptides uniquely identified by
MHCvalidator and those identified by Percolator (p =0.072) (Fig. 4b).
These results indicate that one of the differences lies in the quality of
PSMs, suggesting that MHCvalidator has a higher sensitivity for
detecting peptides with lower values for this identification confidence
score compared to Percolator.

To rigorously evaluate the specificity of MHCvalidator compared
toPercolator,wedesigned challenging test scenarios inwhich ahuman
immunopeptidomic dataset was searched against (1) a S. cerevisiae/
yeast proteome (no enzyme search), and (2) a humanproteome (LysC-
digest search). The rationale behind this choice stems from thedistinct
peptide composition of yeast compared to humans, as well as the
presence of larger peptides in a LysC-digested human proteome in
contrast to tryptic peptides.

This test involved 29 MS files generated from the HLA-I mono-
allelic cell lines. This MS dataset was searched against the yeast pro-
teome and the LysC-digested human proteome. Subsequently, the
results were subjected to confidence assessment using (1) the four
different configurations of MHCvalidator (NN-Validator, PE, APP, PE +
APP), and (2) Percolator. To ensure specificity, peptide sequences that
were identical in the yeast and human digest databases were removed
from the yeast peptide database. Upon examination of the distribu-
tions of PSMs deemed of high confidence across the various MHCva-
lidator configurations and Percolator, we observed that <25 PSMs in
averagewere from the yeast proteome search and therefore constitute
likely false positives. This was observed for all configurations, which
also displayed visual similarities with Percolator’s observed distribu-
tion, and with no statistically significant differences (p value = 0.7369)

in terms of the number of yeast PSMs deemed of high-confidence
(Fig. 4d and Supplementary Fig. 3c). Similar results were generated
from the LysC-digested human proteome (Fig. 4e and Supplementary
Fig. 3d). These results suggest that (1) the addition of the APP and PE
training features did not allow MHCvalidator to memorize specific
PSMs to boost the number of IDs, and that the identification of false-
positive PSMs remained a random process; and (2) that MHCvalida-
tor’s false-positive identification rate is similar to Percolator’s.

Taken together, our analyses demonstrate that MHCvalidator is
highly sensitive and specific, outperforming Percolator for robust
confidence assessment of HLA-I-specific PSMs in immunopeptidomics
experiments.

MHCvalidator identifies known and novel MS-detectable SARS-
CoV-2 HLA-I peptides with canonical and non-canonical
properties
To demonstrate the potential of MHCvalidator for the unbiased dis-
covery of potential CD8+ epitope vaccine candidates, we sought to
reanalyze immunopeptidomics data generated from SARS-CoV-2
infected cells23. In the original study, three cell lines expressing dif-
ferent combinations of HLA-I alleles were infected: Calu-3 (HLA-
A*24:02, -A*68:01, -B*07:02, -B*51:01, -C*15:02), IHW01070 (HLA-
A*01:01, -A*02:01, -B*08:01, -B*40:01, -C*04:04, -C*07:01) andHEK293T
cells (HLA-A*02:01, -A*03:01, -B*07:02, -C*07:02). Here, the same raw
MS data were searched with Comet against the human proteome and
the same SARS-CoV-2 proteome used in the original publication, and
the resulting PSMs were then rescored using MHCvalidator (NN-vali-
dator+PE +APP) or Percolator, both at PSM-level FDR 5%. Notably,
Comet results that were validated with MHCvalidator achieved a ~ 2.2-
fold increase in the number of confidently identifiedHLA-I SARS-CoV-2
peptides (24 peptides) in comparison with the original method (11
peptides) (Fig. 5a, b). In contrast, Comet results that are deemed high-
confidence by Percolator (PSM-level FDR 5% and NetMHCpan %
rank<2) yielded only 6 high-confidence HLA-I SARS-CoV-2 peptides, all
of which were also deemed high-confidence by MHCvalidator (Sup-
plementary Fig. 4d). None of the identified SARS-CoV-2 peptides were
detected in the non-infected cells. The identified SARS-CoV-2 peptides
were then assigned to their respective HLA-I allele using prediction
scores generated by NetMHCpan57 and HLAthena73 (Fig. 5b and Sup-
plementary Fig. 5). Using an in vitro HLA binding assay, most peptides
confidently assigned to a specific HLA allele expressed in the
corresponding cell line were confirmed to bind their respective
HLA allele (Fig. 5c, d). Furthermore, we gained confidence in the amino
acid sequences of the MS-detectable SARS-CoV-2 peptides by com-
paring the tandem mass spectra of synthetic peptides with the
experimental spectra and observed high correlation between frag-
ment ions (average Pearson r for all peptides = 0.9) (Fig. 5e and Sup-
plementary Fig. 6).

Out of eleven SARS-CoV-2 peptides that were identified in Nagler
et al., sevenwereconfirmedusingourmethod (Fig. 5a). Those peptides
include STTTNIVTR (A*68:01, nsp3), HSSGVTREL (C*15:02, nsp1) and

Fig. 4 | Sensitivity and specificity of MHCvalidator. a Histogram illustrating the
number of HLA-I-specific peptides that were deemed of high-confidence by
MHCvalidator and Percolator (y-axis) following twofold serial dilutions of HLA-I
peptides isolated from JY cells (x-axis). Fold-increase of peptides identified by
MHCvalidator over that of Percolator is indicated for each dilution. The bench-
marking reference used for comparisons corresponds to the peptides that were
identified by Percolator in the undiluted sample (–). Legend: Peptides identified by
Percolator (blue) and MHCvalidator (red) found in the benchmarking reference;
high-confidence peptides not found in the benchmarking reference by Percolator
(pale blue) and MHCvalidator (pale red). Distribution of XCorr values (b) and
peptide length (c) for PSMs found uniquely with MHCvalidator versus those found
with Percolator from the most diluted JY sample (16x). We performed a standard
independent 2-sample t-test that assumes equal population variances for these

instances. Box plot showing the number of HLA-I-specific PSMs “deemed high-
confidence” that were found in a yeast proteome (d) or human proteome digested
with Lys-C (e) using Percolator and the four configurations of MHCvalidator (NN-
validator only, NN-validator and PE, NN-validator and APP, as well as NN-validator
with PE and APP). Boxplots/error bars are based on 1550 samples derived from the
monoallelic dataset (d). The LysC digestion analysis is based on a subset of these
data, 145 samples in total that were randomly selected from the complete mono-
allelic dataset (e). Boxplots are given in Inter Quartile Ranges (IQRs) where the box
extends from the first quartile (Q1) to the third quartile (Q3) of the data, with a line
at the median. The whiskers extend from the box to the farthest data point lying
within 1.5x the inter-quartile range (IQR) from the box. Flier points are those past
the end of the whiskers. Source data are provided as a Source Data file.
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TGSNVFQTR (A*68:01, S), as well as three Nucleocapsid (N)-derived
peptides with overlapping amino acids, i.e. RITFGGPSD (unassigned),
NAPRITFGGP (B*07:02) and APRITFGGP (B*07:02) (Fig. 5b). Notably,
we also confirmed the identification of the non-canonical out-of-frame
peptide GPMVLRGLIT (B*07:02), which originate from S.iORF1/2
(ORF9a), as evidenced with translations by ribo-seq74, and detected by
MS in another independent study22 (Fig. 5b).

In addition to the above previously reported peptides, a set of 17
SARS-CoV-2 peptides were physically detected for the first time byMS.
These MS-detectable SARS-CoV-2 peptides were classified into five
different categories: (1) non-canonical out-of-frame, (2) non-canonical
junction-driven, (3) canonical in-frame, (4) overlapping, and (5) > 11-
mers (Fig. 5f). Notably, we discovered one novel non-canonical out-of-
frame peptide RLGSPLSL (C*15:02) originating from N.iORF1/2, eight
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novel canonical in-framepeptides originating fromboth structural and
non-structural SARS-CoV-2 proteins (S, nsp3, nsp6, nsp13, nsp16), a
subset of five unassigned additional N-derived peptides sharing the
same overlapping amino acid characteristics asmentioned above, and
two unassigned 12- and 13-mers originating from N and ORF7a,
respectively (Fig. 5b, f).

In-depth analysis of all MHCvalidator-confirmed peptides using
a ribo-seq-derived database revealed an unexpected category of non-
canonical HLA-I SARS-CoV-2 peptide: the non-canonical junction-
driven peptides LPYPQILLL. This peptide originates from a shorter/
truncated version of the S antigen (Fig. 6a) resulting from a short
deletion→fusion event (or junction), which involved the removal
of 31 nucleic acids at position5’23594-236243’ (Fig. 6b). Interestingly,
this deletion occurs at a furin-like cleavage site and was recently
discovered and referred to as a “leader-independent junction“74.
Most importantly, the junction event creates an altered reading
frame ( + 1-frameshift), and consequently, translation of the non-
canonical peptide LPYPQILLL followed by a premature stop
codon (Fig. 6b). In vitro HLA binding assay showed that the LPYP-
QILLL peptide strongly binds two common HLA-B7 supertype
alleles (B*07:02 and B*51:01), and predicted to bind additional com-
mon alleles of the same supertype (Figs. 5d, 6b). To our knowledge,
this is the first time that a junction-driven HLA-I peptide has been
reported. Together, MHCvalidator identified MS-detectable HLA-I
SARS-CoV-2 peptides spanning both canonical and non-canonical
properties.

Intra-host analysis of the non-canonical junction-driven B7 epi-
tope encoded by the truncated S antigen
Numerous transcripts originating from non-canonical junctions have
been documented for SARS-CoV-2 in vitro75,76. Hence, we hypothe-
sized that multiple non-canonical junction/truncation events might
occur within the S antigen to generate +1-frameshifts during SARS-
CoV-2 infections in vivo, possibly leading to production and pre-
sentation of the non-canonical junction-driven peptide in B7+ indi-
viduals. To test this, we built and interrogated a unique intra-host
dataset comprising 100,512 high-quality RNA libraries sequenced
from 100,512 infected COVID-19 patients (see Methods for details).
This dataset provides a comprehensive representation of intra-host
variations in SARS-CoV-2, including mutations and non-canonical
junctions that may have arisen during the course of infection in a
large and diverse cohort of patients. Using this unique intra-host
dataset, we searched for deletions (junctions/truncations) of any
lengths in the vicinity of the transcriptomic region described above
(between the genomic positions 23,623 and 23,693 of the S antigen),
that could induce the necessary frameshift to produce the LPYP-
QILLL peptide. Our analysis revealed that out of 100,512 COVID-19
patients, ~1100 of them (~1%) had a deletion in the region of interest,
each deletion supported by more than 100 reads (Fig. 6c and Sup-
plementary Fig. 7a). Notably, ~850 patients (~0.8%) showed a pre-
dominant +1-frameshift, resulting in the coding of the non-canonical
junction-driven LPYPQILLL peptide (Fig. 6c and Supplementary
Fig. 7a). Deletion lengths were highly variable, ranging from 1 to 100
nucleic acids, with an average deletion length of 1.3 nucleotides

(Fig. 6d and Supplementary Fig. 7b). Moreover, we noted that ∼25%
of the observed +1 frameshift events can be attributed to two specific
deletions affecting a single nucleotide at positions 5’-23649 (T) and
5’-23657 (T) (Supplementary Fig. 7c). Assuming that our intra-host
dataset is representative of the SARS-CoV-2 infected human popu-
lation, our results suggest that ∼0.8% of B7+ individuals may exhibit
presentation of the LPYPQILLL peptide during infection. Given
that 35% of the human population are B7+77, our analysis hints at
the possibility that ∼0.3% of the human population could present the
non-canonical junction-driven S epitope to CD8 + T cells.
However, further experiments are essential to rigorously test and
validate this observation in future studies. If validated, frameshifted
viral antigens generated within the host during infections could
constitute a currently untapped reservoir of T-cell epitopes, with the
potential to play a role in infection control, disease severity, and
vaccine design.

SARS-CoV-2 HLA-I peptides uncovered by MHCvalidator elicit
CD8+T-cell responses in individuals with COVID-19
To evaluate the immunogenicity of the HLA-I SARS-CoV-2 peptides
detected by MS and MHCvalidator, including the junction-driven B7
peptide described above, we next performed ELISpot assays with
peripheral blood mononuclear cells (PBMCs) from HLA-matched
COVID-19 convalescent individuals [(A*68:01; n = 10), (B*07:02;
n = 14), (A*68:02; n = 10), (A*02:01; n = 25), (B*51:01; n = 12)] and mon-
itored IFNγ secretion in response to each peptide validated by MS and
MHCvalidator (Fig. 7a, b). As positive controls, we compared the T-cell
responses with S MegaPool and PepPool CEF, as described78. We also
used the peptide YLQPRTFLL (A*02:01) as positive control since it was
observed as the most reactive/immunodominant SARS-CoV-2 CD8+
epitope in several independent studies79–82. Interestingly, the non-
canonical out-of-frame peptide GPMVLRGLIT (B*07:02), previously
documented as non-immunogenic22, inducted a relativelypotentCD8+
response in one particular B*07:02-matched individual (~500 SFU/106

PBMCs) (Fig. 7a). Furthermore, we show that the non-canonical junc-
tion-driven peptide LPYPQILLL induced a CD8+ response in ~7% and
~42% of B*07:02 and B*51:01 individuals, respectively (Fig. 7a, c). As
expected, the immunodominant peptide YLQPRTFLL elicited a CD8+
response in 11 out of 25 HLA-A*02:01 individuals (~44%). Overall, ~85%
(11 out of 13) of all peptides binding their respectiveHLA-I allele(s), and
tested for immunogenicity, elicited CD8 +T cell responses in HLA-
matched individuals (Fig. 7c). Consistently, the MHCvalidator-
identified peptides induced a positive CD8+ response with an aver-
age frequency of ~25% ± ~16% (Fig. 7d). Response frequency was
peptide-dependent and showed a correlation value (r) of 0.568 with
predicted HLA binding affinity (Fig. 7d).

To further strengthen our immunogenicity data, we compared
our list of MHCvalidator-identified peptides to all experimentally
validated reactive SARS-CoV-2 peptides found in the Immune Epitope
Database (IEDB). Notably, 10 out of 13 MHCvalidator-identified SARS-
CoV-2 HLA-I peptides were annotated with an IEDB ID (2023/10/10)
(Fig. 7c). For instance, the immunogenicity of the peptide RTIKVFTTV
(A*02:01), measured by MS and ELISpot in our study, was previously
validated by a DNA-barcoded peptide-MHC multimer assay (Fig. 7e)83.

Fig. 5 | Analysis of SARS-CoV-2 HLA-I peptides discovered by MHCvalidator.
a Venn diagram showing the number of high-confidence SARS-CoV-2 HLA-I pep-
tides identified by the original method described by Nagler et al., and by MHCva-
lidator’s optimal configuration (NN-validator+PE + APP). Overlapping peptides are
shown. Peptides selected for immunogenicity experiments are also indicated.
b Table showing the list of SARS-CoV-2-derived peptides identified by MHCvali-
dator. Source protein, NetMHCpan/HLAthena prediction score and HLA allele
assignment are indicated in the table. A reference number is shown for peptides
that have already been detected by MS in previous studies; if not detected before
byMS, ‘New’ is indicated.ND: not determined. cHistogram showing the proportion

of confirmed assigned peptides (y-axis) for their respective HLA-A or -B allele (x-
axis). HLA assignment was predicted in (b), and confirmed by in vitro HLA binding
assay. Number of peptides (assigned/total) per allele is shown on top of each bar.
d Heatmap illustrating the measured binding affinity (IC50 nM) across different
HLA-A and -B alleles for all assignedpeptides in (b). eMirror spectral image showing
alignments of fragment ions inMS/MS spectra of synthetic vs nativeMHCvalidated-
peptides. Two representative peptides tested for immunogenicity are shown along
with the Pearson correlation coefficient between the twoMS/MS spectra. f Peptides
were classified into five categories. Source data are provided as a Source Data file.
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B7 supertype family. cHistogram illustrating the number of patients from the intra-
host database showing a deletion/junction-driven +1 or +2 frameshift, or no fra-
meshift (in-frame), in more than 100 reads. Deletions were analyzed between
position 5’−23,623 and 23,693-3’. d Table and violin plot indicating the lengths of the
deleted nucleic acid sequences (average,max andmin) leading to in-frame, +1 or +2
frameshift. Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-024-54734-9

Nature Communications |        (2024) 15:10316 10

www.nature.com/naturecommunications


Moreover, three MHCvalidator-identified peptides, shown as immu-
nogenic in our study, have never been reported before (Fig. 7c).
Together, this study provides a proof-of-concept that MHCvalidator
enables unbiased discovery of immunogenic viral T-cell epitopes from
infected cells.

MHCvalidator confirms presentation of non-spike epitopes
encoded by the T-cell-directed vaccine BNT162b4
To showcase the effectiveness ofMHCvalidator in the context of T-cell-
directed vaccines, we conducted a reanalysis of immunopeptidomic
data generated by DDA MS. The data originated from HLA-I
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monoallelic cell lines transfected with the BNT162b4 mRNA vaccine
currently being clinically evaluated (NCT05541861)12. Applying Comet
+MHCvalidator (NN-validator+PE +APP) for immunopeptidomic MS
data analysis, we successfully identified six high-confidence SARS-CoV-
2 HLA-I peptides encoded by BNT162b4 (Fig. 8a and Supplementary
Fig. 8). All high-confidence peptides were predicted to be localized in
non-membrane regions according its Protter topology

(Supplementary Fig. 8)84. None of these peptides were detected from
the correspondingnon-transfected cells. Thisfinding is consistentwith
the outcome of the original study, where identification of the exact
same peptides was achieved using the Spectrum Mil MS Proteomics
Software v6.012, hence providing robust validation. For instance,
MHCvalidator confirmed presentation of the peptide TTDPSFLGRYM
(nsp3; A*01:01) and its variant form TTDPSFLGRY (nsp3; A*01:01), the
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latter reported ashighly immunodominant, particularly in hospitalized
patients83. In addition, MHCvalidator confirmed presentation of
another variant of this peptide from infected cells [HTTDPSFLGR
(nsp3; A*68:01)] (Fig. 5). Notably, among the 16 MHCvalidator-
identified CD8+ epitopes presented by SARS-CoV-2-infected cells or
BNT162b4-transduced cells, 9 of them (56%) are encoded by nsp3. This
observation suggests that nsp3 could potentially serve as a dominant
source of protective epitopes for the development of next-generation
T-cell-directed vaccines. Thus, MHCvalidator offers evidence of epi-
tope presentation in immunopeptidomics experiments associated
with T-cell-directed vaccines designed to protect against hypermu-
tated SARS-CoV-2 variants.

EpiTrack enables geo-temporal conservation analysis of vac-
cine-relevant, MHCvalidator-identified CD8+ epitopes
There is currently a lack of information concerning the mutational
profile of SARS-CoV-2 epitopes recognized by BNT162b4-induced
CD8 + Tcells. Togain knowledge in this regard,wedeveloped EpiTrack
and analyzed the mutational landscape of 16 MHCvalidator-identified
CD8+ epitopes, including 6 encoded by the T-cell directed BNT162b4
vaccine. Global and temporal analysis of these epitopes was possible
thanks to the extensive genome sequencing initiatives for SARS-CoV-2.
Briefly, we compiled an exhaustive list of pandemic-wide alternative
epitopes by extracting and translating the relevant nucleotide
sequences taken from GISAID from the final dataset (see “Methods”).
To gain insight into the evolutionary trends of each peptide, the pre-
valence and geo-temporal dynamics of all respective alternative pep-
tides were tracked both worldwide and regionally using EpiTrack. All
analyses were repeated on a set of end-to-end 9-mers spanning the
entire SARS-CoV-2 canonical proteome to assess mutational dynamics
in the context of the viral proteome. Overall, 11 of 16 MHCvalidator-
identified CD8+ epitopes, including 4 of 6 BNT162b4 vaccine epitopes,
show negligible diversification across the pandemic, with atmost 1% of
sequences worldwide carrying alternative epitopes (Fig. 8b). The
remaining 5 peptides, including two BNT162b4 vaccine epitopes, carry
mutations with frequencies ranging between 4.4% and 53.7% of
sequences. Amongst these, BNT162b4 vaccine epitopes TTDPSFLGRY
and TTDPSFLGRYM are of particular clinical interest due to their sig-
nificant immunodominance83. Specifically, two mutations occurred
within both epitopes, namely ORF1a/nsp3 P1640L and P1640S
(Fig. 8c–e and Supplementary Fig. 9f). The former, identified in
404,743 GISAID sequences, was found amongst Delta sub-lineages,
while the latter was identified within 200,770 GISAID sequences and
found amongst Omicron sub-lineages (Fig. 8d). Neither mutation is
predicted to abrogate the presentation of either peptide by its
respective HLA allele, A*01:01, likely due to their occurrence on a non-
anchor residue. Predictions using the IEDB immunogenicity
predictor85 suggest that replacing proline might negatively impact the
immunogenicity of both epitopes; however, these predictions should
be approached with caution and validated with experiments. Other
highly mutated MHCvalidator-identified epitopes included B*07:02
epitopes NAPRITFGGP and RANNTKGSL, mutated in 53.7% and 7.5% of

sequences, respectively (Supplementary Fig. 9a and Fig. 8b). These
findings put in evidence the non-trivial mutational dynamics of
immunodominant, vaccine-relevant epitopes, thus promoting the
need for continued monitoring of evolutionary trends within T-cell
vaccine candidates.

Discussion
MS-based immunopeptidomics has emerged as a valuable strategy for
identifying naturally presented HLA-associated peptides, offering
insights for the design of T-cell vaccines against a spectrum of dis-
eases, including cancer, viruses andother pathogens86–89. However, the
continued advancement of this technique necessitates hardware and
software solutions to enhance its robustness, sensitivity and specifi-
city, ultimately expanding its deployment and impact in vaccinology
and immunology16. Developing accurate computational frameworks
and analysis platforms is important for assessing the efficacy of next-
generation T-cell vaccines, especially in the context of rapidly mutat-
ing viruses such as SARS-CoV-2. To address this need, we have devel-
oped an approach aimed at unbiased identification of viral T-cell
epitopes. Central to our approach is MHCvalidator, a ML method tai-
lored for the confidence assessment of PSMs obtained from immu-
nopeptidomics experiments. Its design allows all high-confidence
PSMs to be considered as likely interesting antigenic peptides, elim-
inating the need for a post-validation filtering step. In the current
version ofMHCvalidator, two configurationmodules are available: APP
and PE. The latter option aims to address scenarios where MHC
binding motifs are not well characterized, such as with non-classical
MHC molecules like HLA-E90 or in species with unique MHC systems,
like bats91. In these cases, the neural network cannot exclusively rely on
known binding motifs (APP module) for accurate predictions. The PE
option, when combinedwith APP also provides themost sensitive PSM
identificationswith high confidence. ThePEoptionmay thereforeoffer
value by identifying other significant features or signals within the
data, potentially enhancing the accuracy of the model’s predictions.
Furthermore, MHCvalidator is highly versatile, capable of integrating
various data property, probability, or scores as features todiscriminate
false from true PSMs. In principle, this flexibility enables the incor-
poration of additional numeric peptide feature predictions, such as
retention time92, fragment intensities in MS2 spectra93–95, ion mobility
coefficient/collisional cross sections64,96, HLA ligandpresentation55,73,97,
and immunogenicity54,98 into MHCvalidator’s input. Such additional
features could improve the performances of MHCvalidator in the
future. In addition, while the current version of MHCvalidator is
designed for HLA-I immunopeptidomics experiments, its adaptable
framework theoretically allows for a similar approach for HLA-II
experiments. Moreover, other processes of APP acting at proximal
regions of epitopes could alsobe integrated into themodeling process
of MHCvalidator when subjected to scoring. This has relevance in the
context of SARS-COV-2 variants since the SARS-CoV-2 Omicron
BA.1 spike G446S mutation, located just outside the N-terminus of a
cognate CD8 +T-cell epitope, was recently shown to improve antigen
processing/presentation and antiviral T-cell recognition through

Fig. 8 | Querying the evolutionary dynamics of MHCvalidator-identified CD8+
epitopes using EpiTrack. a Schematic of the BNT162b4 mRNA vaccine.
b Comprehensive (GISAID, 2020-2023) mutation rate of CD8+ epitopes identified
from SARS-CoV-2-infected cells (Orange); BNT162b4 mRNA vaccine (Green); and a
control consisting of 9-mers spanning the complete SARS-CoV-2 proteome (White).
For all epitopes shown, the rate of mutation was expressed as the number of
alternative epitopes found across the GISAID database (with a minimum of 10
GISAID sequences per alternative epitope) divided by the total number of GISAID
sequences for which the epitope had sequencing coverage, presented in log10.
c (Bottom) Proportion of GISAID sequences over time (2020-2023) for which the
TTDPSFLGRY epitope (BNT162b4 mRNA vaccine, MHC-Validator-identified) was

unmutated (Cyan) or mutated (purple, dark blue, light blue and green, in order of
descending prevalence). Only top alternative epitopes (found in >1000 GISAID
sequences) shown here. (Top) cumulative count of GISAID sequences over time.
d Variant of Concern (VOC) associated with top alternative epitopes. The color
scale corresponds to the number of GISAID sequences for which an alternative
epitope is associated with a VOC. e Geographic map of the prevalence of top
TTDPSFLGRY alternative epitopes (top: TTDP/LSFLGRY, Delta; bottom: TTDP/
SSFLGRY,Omicron),with a focus onEuropeancountries. The color scale represents
the proportion of GISAID sequences generated by each country featuring the
alternative epitope in question, thus normalizing for country-specific sequencing
bias. Source data are provided as a Source Data file.
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tripeptidyl peptidase II (TPPII), a post-proteasomal protease that
mediates antigen processing99. Furthermore, MHCvalidator, by learn-
ing and incorporating rules and predictions of cryptic peptides,
including polypeptides created by posttranslational peptide
splicing100–104, could become a valuable tool for discriminating
between true and false spliced peptides without the need for addi-
tional experiments to validate their identifications. If further devel-
oped and tested,MHCvalidator could therefore be applied to continue
thedevelopment of databases dedicated to immunopeptidomics, such
as SysteMHC Atlas105–107. Thus, the first version of MHCvalidator
represents a foundational database search-based PSM confidence
assessment tool in immunopeptidomics, similar to what DTASelect108

and PeptideProphet42 wereupon their creation in proteomics andwere
later followed by Percolator45.

In our study, MHCvalidator enabled the validation of non-
canonical SARS-CoV-2 T cell epitopes through three distinct approa-
ches: validation of peptide sequences using synthetic peptides, in vitro
HLA peptide binding assays, and T cell immunogenicity assays. T cell
immunogenicity was assessed using ELISpot assays on HLA-typed
PBMCs sourced from a local cohort of convalescent COVID-19
patients109. We recognize the limitations associated with our sample
size, encompassing 10 to 25 data points per peptide-HLA combination.
This sample size was selected based on our prior experiences in
COVID-19 research, where peptide pools successfully stimulated
PBMCs, leading to robust T-cell responses detectable by ELISpot
assays, and permitted statistical analyses78,110. In this study, we
employed a Binary Response Presentation strategy, resonating with
methodologies in existing literature, particularly in scenarios where
minimal responses are evoked by single peptide stimulation111,112. Using
the immunodominant A*02:01 peptide YLQPRTFLL, nearly half of the
patients (11 out of 25) exhibited positive responses to stimulation,
aligning with established expectations. In addition, the immunogeni-
city of identified peptides was confirmed when defining a response as
positive if there was more than a twofold increase in specific spot
number relative to the negative control, a threshold for positivity used
in some studies113. Thus, despite the potential concerns about sample
size and the binary nature of our data interpretation, we argue that our
methodology is well-supported by experimental context and estab-
lishedprecedents in thefield. Our results provide a crucial cornerstone
for subsequent studies, which would ideally include larger cohorts.

An interesting observation in our study was the detection of a B7-
associated SARS-CoV-2 non-canonical epitope generated by a trun-
cated version of the S antigen. This truncated version occurs at a
junction-dependent region, first reported by Finkel et al.74. This junc-
tion was initially observed in a cell line and was unique to their dataset.
In our study, we first wanted to verify if the exact same deletion was
present in vivo within infected patients to validate the observation
madebyFinkel, and to estimate the prevalenceof this non-canonical T-
cell epitope in humans. To achieve this, we built and interrogated our
intra-host database composed of thousands of SARS-CoV-2 sequences
that were isolated and sequenced directly from infected individuals.
Such databases have indeed proven to be increasingly powerful to
track intra-host variation and evolutionary dynamics of SARS-CoV-2
populations in COVID-19 patients68–70,114. Interestingly, we did not find
the exact samedeletion asobserved in vitro, butwedid observe a large
number of deletions of various lengths (1 to 100nucleic acid) in several
regions of S leading to altered reading frames. Notably, among
∼100,000 COVID-19 patients, ∼1100 had a deletion, and ∼850 exhib-
ited a + 1-frameshift resulting in the coding of the non-canonical B7
epitope for reads detected at >100 copies. Whether the expression
levels are sufficient to present the non-canonical B7 epitope requires
further exploration. Nevertheless, it is tempting to speculate that
producing of a truncated version of S, likely nonfunctional, could
represent a form of defective ribosomal product (DRiP) that would be
rapidly targeted to the proteasome for quick degradation and

subsequent epitope presentation115. Given the presence of such fra-
meshifted antigens, non-canonical polypeptides could be processed
similarly during infection, possibly representing an untapped source
of frameshifted T-cell epitopes to combat viral infection. Whether this
phenomenon is specific to S, other SARS-CoV-2 antigens, or any viru-
ses, remains an open question, and would require larger intra-host
databases from diverse viral species. Nevertheless, understanding the
significanceof those unexplored non-canonical epitopes in controlling
infection is paramount and necessitates further investigation. Addi-
tionally, exploring whether specific truncation events are associated
with distinct clinical phenotypes (e.g., long COVID) could offer valu-
able insights. Such knowledge might pave the way for designing
phenotype-specific vaccines to address the unique needs of affected
individuals.

As new SARS-CoV-2 variants continue to emerge, recent reports
have provided compelling evidence of mutations within immunodo-
minant T-cell epitopes presented by prevalent HLA molecules116–118.
This holds significant implications for T-cell evasion, including intra-
host T cell evasion observed within immunocompromised patients119,
and the emergence of hypermutated variants like BA.2.86, which was
speculated to possess higher potential for evading T-cell immunity in
larger populations120,121. The extensive diversity of HLA alleles at the
population level somewhat mitigates concerns regarding mutations
affecting T-cell epitopes. Nevertheless, our study underscores that
maintaining a vigilant tracking of the mutational dynamics of T-cell
vaccine targets is an important process to ensure the sustained efficacy
of T-cell-directed vaccines over the next decades. This holds particular
significance for vaccines that incorporate only a limited number of
epitopes, as exemplified by the CoVac-1 T-cell vaccine, which com-
prises only six synthetic peptides9. In our study, we investigated the
mutational dynamics of MHCvalidator-identified peptides encoded by
the T-cell vaccine BNT162b4, detecting six peptides despite the mRNA
coding for 2,257 uniquepredictedpeptide-HLA-I pairs across 105HLA-I
alleles. Potential explanations for this discrepancy include the sensi-
tivity of the detection method not being sufficiently high or the
destruction of most peptides by intracellular proteases. Notably, we
observed that the vaccine protein’s topology includes membrane
regions and a potential localization within the endoplasmic reticulum
(ER) membrane. If accurate, the ER-associated degradation (ERAD)
pathway could play a role in displacing such proteins from the ER
membrane, facilitating access to the proteasome for protein degra-
dation and subsequent peptide generation and presentation122. How-
ever, it is conceivable that this processmay not be optimal for efficient
peptide presentation and for inducing a robust T-cell response against
the vaccine targets. In this context, immunopeptidomics emerges as a
valuable tool to identify and quantify the absolute abundance of
peptides presented, employing various protein engineering
designs123,124. Future research endeavors will be essential to address
these questions and further refine our understanding of the intricate
interplay between vaccine design, antigen processing pathways, and
the subsequent T-cell immune response against hyperconserved
epitopes.

Recently, modeling methods have emerged to predict mutations
in future variants of concern125. With further refinement in the context
of T-cell epitopes, these modeling approaches could significantly
enhance our ability to predict the probability of mutations in T-cell
vaccine targets. This, in turn,wouldallowus to foresee thedurability of
T-cell vaccines right from the outset of a pandemic. The integration of
the machine learning-enhanced immunopeptidomics method and the
global epitope conservation analysis presented in this study represent
a significant step in this direction. As this framework undergoes further
development, we envision its potential to build and track an evolving
digitalmodel of the actionable SARS-CoV-2 immunopeptidome. Such a
model would be instrumental in informing the formulations of next-
generation vaccines not only against SARS-CoV-2 variants but also

Article https://doi.org/10.1038/s41467-024-54734-9

Nature Communications |        (2024) 15:10316 14

www.nature.com/naturecommunications


against other rapidly evolving pathogens86–88. The continuous refine-
ment of this approach holds promises for enhancing our ability to
adapt and respond effectively to the dynamic landscape of viral evo-
lution in the development of protective T-cell-directed vaccines.

Methods
Ethics
Our research complies with all relevant ethical regulations. RECOVER
protocols were approved by the Research Ethics Board (REB) at the
Sainte-Justine University Hospital and Research Center under study
MP-21-2021-3035 and in each of the five participating centers in the
Province of Québec. Written informed consent was obtained from all
participants during the recruitment period, and ongoing consent was
reviewed at each subsequent visit. The sex of participants was deter-
mined by self-reporting and considered in the study design, ensuring
that symptomatic and asymptomatic groups were matched for sex,
age, ethnicity, and other factors. No specific gender-based analysis was
conducted as the primary focus was on immune responses to SARS-
CoV-2 injection. Detailed sex-disaggregated data is provided in the
supplementary materials and source data files in Nantel et al.78.

Cell line and reagents
JY cell line (human lymphoblastoid B-cells) was purchased from ATCC
and cultured in RPMI 1640 supplemented with 10% FBS and 1% pen/
strep. Anti-humanHLA-A, -B, -C (W6/32, #BE0079)waspurchased from
BioXcell, Polyprep chromatography column (#7311553) and Combined
inhibitor EDTA-free (#A32961) from Bio-Rad and Solid phase extrac-
tion disk ultramicrospin column C18 (#SEMSS18V, 5–200 µl) from The
Nest Group. 1.5ml and 2.0ml microcentrifuge tubes (Protein LoBind
Eppendorf #022431081 and #02243100), Low retention tips Eppen-
dorf (10 µl #2717349, 20 µl #2717351, 200 µl #2717352), acetonitrile
(#A9964), trifluoroacetic acid (TFA, #AA446305Y), formic acid
(#AC147930010), chaps (#22020110GM), PBS (Buph, phosphate buffer
saline packs, #28372), CNBr activated sepharose 4B (#45000066) and
ammonium bicarbonate (#A643-500) were purchased from Fisher.

Cell culture and immunopurification of HLA-class I peptides
from JY cells
JY cells were seeded at 0.5 × 106 cells/ml, incubated at 37 C° with 5%
CO2 and expanded toobtain 100million cells. Cellswere harvested and
centrifuged at 180 × g for a period of 5min at room temperature. The
culture medium was removed by aspiration and the cell pellets were
washed gently by pipetting up and down with 5ml of PBS and cen-
trifuge again. After removing the PBS by aspiration, the cell pellets
were stored at –80 degrees Celsius until used.

Immunopurification of HLA-class I peptides32,63. To isolate MHC
class I peptides, a frozen pellet of 1 × 108 cells was resuspended in
500 µL of PBS by pipetting up and down until homogenization. The
volume of the cell pellet suspension was measured and transferred
into a new tube 2mL microcentrifuge tube. Equivalent volume of cell
lysis buffer (1% chaps in PBS containing protease inhibitors, 1 pellet/
10mL) was added to the cell suspension (final concentration of the
lysis buffer of 0.5% Chaps), followed by an incubation for 60min at
4 °C using a rotator device and centrifugation at 18,000× g for 20min
at 4 °C. The cell lysis supernatant containing the MHC-peptides com-
plexes was transferred in a new 2.0mL microcentrifuge tube and kept
on ice until used for the immunopurification. Next, 80mgof sepharose
CNBr activated beads were coupled with 2mg of antibody. Sepharose
antibody-coupled beads were incubated with the cell lysate super-
natant in a 2.0ml Low binding microcentrifuge tube overnight at 4 °C
with rotation. The next day, a Bio-Rad columnwas installed onto a rack
and pre-rinsed with 10ml of buffer A (150mM NaCl and 20mM
Tris–HCl pH 8). The beads-lysate mixture was transferred into the Bio-
Rad column and the bottom cap was removed to discard unbound cell
lysate. Beads retained in the Bio-Rad columnwerewashed sequentially

with 10ml of buffer A (150mMNaCl and 20mM Tris–HCl pH 8), 10ml
of buffer B (400mMNaCl and 20mMTris–HCl pH 8), 10ml of buffer A
and 10ml of buffer C (20mM Tris–HCl pH 8.). MHC-peptides com-
plexes were eluted from the beads by adding 300 µl of 1% TFA, pipet-
ting up and down 4–5 times and collecting the flowthrough. This step
was repeated once and the flowthroughswere collected and combined
in a new 2.0ml tube. MHC class I peptides were desalted and eluted
using a C18 column. First, the C18 column was pre-conditioned with
200 µl of (1) methanol, (2) 80% acetonitrile/0.1%TFA and (3) 0.1%TFA
and spun at 1545 × g in a fixed rotor to collect and discard the flow-
throughs. Then, the MHC-peptides complexes previously collected in
600 µl of 1% TFAwere loaded (3 × 200 µl) into the pre-conditioned C18
column, spun and flowthroughs were discarded. A final wash was
performed with 200 µl of 0.1% TFA and spun again. Finally, the C18
column was transferred onto a 2.0ml Eppendorf tube andMHC class I
peptides were eluted with 3 × 200 µl of 28%ACN 0.1%TFA. The flow-
through containing the eluted peptides was stored at –20 degrees
Celsius for MS analysis. Prior to LC-MS/MS analysis, the purified MHC
class I peptides were evaporated to dryness using a vacuum con-
centrator with presets of temperature 45 °C, for 2 h, vacuum level: 100
mTorr and vacuum ramp: 5.

MS/MS analysis and peptide identification from JY cells for the
serial dilution experiment
Vacuumed sample 1 (undiluted) was resuspended in 50 µl of 4% formic
acid (FA). Twofold dilutionwas performed bymixing 25 µl of undiluted
sample with 25 µl of 4%, and so on. Two technical replicates of 10 µl per
sample were loaded and separated on a home-made reversed-phase
column (150-μm i.d. by 250mm length, Jupiter 3 µmC18 300Å) with a
gradient from5.6 to 30%ACN-0.1% FA and a 600-nl/minflow rate on an
Easy nLC-1000 connected to an Orbitrap Eclipse (Thermo Fisher Sci-
entific). Each fullMS spectrumwas acquired at a resolution of 240000,
an AGC of 4E5 and an injection time of 50ms, followed by tandem-MS
(MS-MS) spectra acquisition on the most abundant (Top 10) multiply
charged precursor ions for a maximum of 3 s. Tandem-MS experi-
ments were performed using higher energy collisional dissociation
(HCD) at a collision energy of 34%, a resolution of 30000, an AGC of
1.5E5 and an injection time of 300ms.

Mass spectrometry database search
Raw mass spectrometry files were converted to mzML format using
ThermoRawFileParser v 1.3.4126. All data was searched using the Comet
search engine (v. 2021 rev 0) with the following settings: precursor
mass tolerance: 10 ppm; fragment bin size: 0.02Da; peptide length
range: 8–15 amino acids; digest enzyme: non-specific; charge state:
1–4; output format: PIN. For JY cell lines and SARS-CoV-2 infected cell
lines, no fixed modifications were used and variable modifications
were set to deamidation of asparagine and glutamine and oxidation of
methionine. For the mono-allelic cell lines, carbamidomethylation of
cystein was set as a fixedmodification and variablemodifications were
deamidation of asparagine andglutamine andoxidation ofmethionine
with a maximum of 3 variable modifications per peptide. The JY and
mono-allelic cell line data were searched against a reference human
proteome downloaded from Uniprot (downloaded 2021-05-28). The
SARS-CoV-2 infection data was searched against the combined human
and SARS-CoV-2 FASTA file provided in the original publication
(PXD025499). For each searches, a reversed protein decoy database
was appended to each FASTA file.

Validation using Percolator
Where indicated, database search results were validated using Perco-
lator v3.05.045. Test and train FDRs were set to 0.01 and the Cpos and
Cneg arguments were undefined, allowing Percolator to determine
them using cross-validation. The parameters were set to output PSM
results for both targets and decoys.
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Validation using DeepRescore
Where indicated, samples were validated with DeepRescore, a deep
learning-based algorithm for peptide identification confidence
rescoring that considers predictions of peptide retention time and
MS2 spectra on top of the Percolator peptide validation algorithm49.
Comet database search results were used as input for DeepRescore
validation. Comet searches were performed as described above with
the exception that the output format was set to.pepxml instead of.pin.
For DeepRescore analysis, raw files were converted to.MGF files using
msConvert by ProteoWizard127 (http://www.proteowizard.org/
download.html). DeepRescore was then run using the default para-
meters. Resulting peptides were filtered using 1% FDR cutoff and
subsequently with a NetMHCpan4.1 cutoff <=2.0 to directly compare
peptide quantities with Percolator and MHCvalidator.

MHCvalidator design
MHC validator can be run in three different configurations that can be
combined to obtain maximum gain in confidence of PSMs: NN-vali-
dator: NN-validator represents the core component for PSMs con-
fidence assessment. PE: PE provides encoded peptide sequences via a
convolutional neural network (CNN). APP: APP provides multiple
antigen processing and presentation prediction scores via MHCflurry
and NetMHCpan.

Data input. The preferred input data format accepted by
MHCvalidator is tab-delimited text files (TSVs). Specifically, we devel-
oped MHCvalidator using a standard Percolator input (PIN) file as the
input data because of the rich feature set already present in this for-
mat. However, MHCvalidator can process any TSV-format search
results. While numerical features (e.g. database search scores) are
expected, the absolute minimum features required for MHCvalidator
to function are peptide sequences and target-decoy labels (either as a
separate feature or encoded in protein IDs with a decoy tag).
MHCvalidator alsoprovides a parser for PEPXML format search results,
but PIN format is preferred as validation and testing has only been
carried out using this input format.

Feature engineering. All peptide sequences present in the input
data are processed using NetMHCpan and/or MHCflurry. Binding
affinity and eluted ligand scores from NetMHCpan, and affinity, pre-
sentation, and processing scores from MHCflurry are added to the
features present in the input data. Binding affinity predictions are
transformed to a log scale before being added, with values first being
clipped to a minimum value of 1e-7. NetMHCpan is run from a user-
indicated installation path. Because NetMHCpan does not support the
use of multiple CPUs, in order to facilitate its practical use on the
typically large list of peptides, the list is split into smaller chunkswhich
are processed concurrently. MHCflurry is automatically installed as a
dependency of MHCvalidator and runs natively from within Python.
For PE training, the peptide sequences are first transformed into
numerical representations. In brief, similar to the sequence encoding
used by MHCflurry 1.3.0, the peptides are first middle-padded with an
“X” amino acid to a length of 15. They are then encoded with a BLO-
SUM62 matrix to which an “X” amino acid has been added (with a
substitution frequency of 1 for itself and 0 for every other amino acid).
Theseencoded sequences are the input for the PE convolutional neural
network.

Artificial neural network architecture. MHCvalidatormakes use of
two different feed-forward artificial neural networks. The first is a
multilayer-perceptron (MLP) with defaults of two hidden layers and a
width of 5-times the number of input features. The second, optional
network, couples the architecture of the first to a convolutional neural
network that encodes peptide sequences into a numerical vector of
length 6. The convolutional neural network consists of a single 1D
convolutional layerwith 12filters of size 4 and stride 3, followedby a 1D
maxpooling layer of size 2. The output is flattened and fully connected
to the output layer, which is fed to the MLP as additional training

features. Thismodel is trained simultaneouslywith theMLP. All hidden
layers in both architectures are connected with a default dropout out
of 0.5. Most model hyperparameters are exposed in the Python API
and canbe tuned for thedataset of interest (e.g. number of layers, layer
width, dropout, batch size, number of epochs, convolutionalfilter size,
etc.). Much like Percolator,MHCvalidator is designed with flexibility in
mind. Any additional features (e.g. probabilities or scores) can be used
as features and the use of the artificial neural networks is optional.

Training and predicting. When training and predicting, a K-fold
cross-validation is used. The MS data is split into a variable number of
sets, as defined by the user with a default of 3. Predictionsmade on the
validation splits during the cross-validation are reported and used for
calculating q-values and FDR thresholds. Because MHCvalidator can
use peptide sequences or values derived from peptide sequences as
training features, the splits are constructed such that duplicate peptide
sequenceswill not be present between any training and validation sets.

Comparison of Percolator and MHCvalidator for HLA allele-
specific PSMs identifications
In order to benchmark Percolator with MHCvalidator, Percolator tar-
get PSMs (1% or 5% FDR cut-off) were annotated with NetMHCpan4.1
binding predictions. Data were then filtered to keep only PSMswith an
eluted ligand (EL) %Rank cut-off <=2.0, as generally performed to gain
confidence in HLA-specificity15,23,63,128–130. Resulting PSMs were used for
comparison with MHCvalidator. Different combinations of the above-
described configurations (NN-validator,NN-validator+PE, NN-validator
+APP, NN-validator+PE +APP) were applied to Comet outputs and
compared to percolator as specified. MHCvalidator results were not
filtered because the method already incorporates presentation and
HLA binding affinity prediction scores into the modeling process.
Peptide identifications were obtained by keeping only unique PSMs
based on best score for both percolator and MHCvalidator. It is
noteworthy that MHCvalidator and percolator were applied to each
PIN (Percolator INput) file separately as opposed to applying each
software to batches of files or replicates. Only unique peptides were
reported across replicates, where applicable.

Statistics & reproducibility
All available data from immunopeptidomics experiments were utilized
in this study. Statistical analyses were performed using two-sample t-
tests where specified, and data visualizations, including boxplots, were
created using the default settings of theMatplotlib library. All available
data from immunopeptidomics experiments were utilized in this
study. Statistical analyses were performed using two-sample t-tests
where specified, and data visualizations, including boxplots, were
created using the default settings of the Matplotlib library. No statis-
tical method was used to predetermine sample size. No data were
excluded from the analyses; the experiments were not randomized;
the Investigators were not blinded to allocation during experiments
and outcome assessment.

Peptide clustering
Several deconvolution methods are available for analyzing binding
motifs of HLA-associated peptides131–133. We applied MixMHCp 2.1132,134

to analyze 9-mer HLA-I peptides with the default settings and the
number of maximum motifs set to 5. Upon completion of deconvo-
lution, motifs were manually analyzed and assigned to JY HLA
allotypes.

Validation of PSMs found uniquely with MHCvalidator
Peptide-spectrum matches found uniquely with the MHCValidator
softwarewere evaluated usingMS2 spectrumprediction similarity and
retention time prediction. MS2 spectrum predictions were made with
Prosit (https://www.nature.com/articles/s41592-019-0426-7) using the
Non-tryptic 2020 HCD model. MAPDP (https://pubs.acs.org/doi/10.
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1021/acs.jproteome.9b00859) was used to execute Prosit and com-
pute spectrum similarity using three metrics: normalized spectral
contrast angle, Pearson correlation, and Spearman correlation.
Retention times were predicted using the Prosit 2019 iRT prediction
model and calibrated to the experimental ones using the calibration
algorithm of DeepLC (https://www.nature.com/articles/s41592-021-
01301-5). The mirror plot was drawn using spectrum-utils (0.4.2)
(https://pubs.acs.org/doi/10.1021/acs.analchem.9b04884) and dis-
tribution histograms using seaborn (0.13.1) (https://joss.theoj.org/
papers/10.21105/joss.03021).

SARS-CoV-2 peptide identification
To identify SARS-CoV-2 peptides, a similar strategy to that in Nagler
et al. was used23. Because of possible ambiguity in the identification of
leucine and isoleucine residues, all isoleucine residues were sub-
stituted with leucine in the following steps. Peptides that were
assigned to both human and SARS-CoV-2 proteins were considered to
be human in origin. The remaining peptides that were uniquely
assigned to SARS-CoV-2 proteins were then compared with all six
reading frames of the human non-coding regions (https://www.
gencodegenes.org/human/release_19.html) and pseudogenes (http://
www.pseudogene.org/Human/Human90.txt) used in Nagler et al.
Peptides that could be attributed tohumannon-coding or pseudogene
regions were considered to be human in origin.

In vitro HLA-peptide binding assays
Peptides binding to class I HLA molecules were quantitatively mea-
sured using classical competition assays based on the inhibition of
binding of a high affinity radiolabeled peptide to purified HLA mole-
cules, as detailed elsewhere135. Briefly, HLA molecules were purified
from lysates of EBV transformed homozygous cell lines by affinity
chromatography by repeated passage over Protein A Sepharose beads
conjugated with the W6/32 (anti-HLA-A, -B, -C) antibody, following
separation fromHLA-B and -Cmolecules by pre-passage over a B1.23.2
(antiHLA B, C) column. Protein purity, concentration, and the effec-
tiveness of depletion steps was monitored by SDS-PAGE and BCA
assay. Peptide affinity for respective class I molecules was determined
by incubating 0.1–+1 nM of radiolabeled peptide at room temperature
with 1 µM to 1 nM of purified HLA in the presence of a cocktail of
protease inhibitors and 1 µM B2microglobulin. Following a two-day
incubation, HLA bound radioactivity was determined by capturing
MHC/peptide complexes on W6/32 antibody coated Lumitrac 600
plates (Greiner Bioone, Frickenhausen, Germany). Bound cpm was
measured using the TopCount (Packard Instrument Co., Meriden, CT)
microscintillation counter. The concentration of peptide yielding 50%
inhibition of the binding of the radiolabeled peptide was calculated.
Under the conditions utilized, where [label]<[MHC] and IC50 ≥ [MHC],
the measured IC50 values are reasonable approximations of the true
Kd values. Each competitor peptide was tested at six different con-
centrations covering a 100,000-fold dose range, and in three or more
independent experiments. As a positive control for inhibition, the
unlabeled version of the radiolabeled probe was also tested in each
experiment.

T cell immunogenicity
Subjects and samples collection: The study subjects were composedof
5 groups of previously infected health care workers (HCWs) who were
recruited following a PCR-confirmed SARS-CoV-2 infection as part of
the RECOVER study (n = 48). Participants were selected based on their
HLA types at enrollment: (1) A68:01 (n = 10), (2) B07:02 (n = 14), (3)
A68:02 (n = 10), (4) A02:01 (n = 25) and (5) B51:01 (n = 12). Some
patients may share two or three different HLA types. Blood samples
were collected at enrollment around 6.1 ± 2.4 months after infection
into acid–citrate–dextrose tubes (ACD, BD) in each of the five parti-
cipating centers in the Province of Québec, shipped to the Mother-

Child Biobank at the CHU Sainte-Justine where peripheral blood
mononuclear cells (PBMCs) were isolated according to standard
operation procedures (SOPs) using SepMate™ tubes (Stemcell Tech-
nologies, Canada). PBMCs were cryopreserved in complete RPMI
(Gibco) with 10% DMSO and stored in liquid nitrogen until used. Par-
ticipants were recruited from August 17, 2020, to April 8, 2021.

IFN-γ ELISpot assay. Cell-mediated immune (CMI) response was
estimated by ELISpot assay. Frozen PBMCs were rapidly thawed at
37 °C and rested overnight. PBMCs were plated at 400,000 cells per
well (200,000 cells for positive controls) intoMultiScreenHTS-IP Filter
96-well plates (Millipore, Massachusetts, US) pre-coated with an anti-
IFN-γ antibody. PBMCs were then stimulated with 10 µg/mL of single
peptides identified by Mass spectrometry (MS) immunopeptidomic
(STTTNIVTR, TGSNVFQTR, HTTDPSFLGR, RTIKVFTTV, APRITFGGP,
NAPRITFGGP, GPMVLRGLIT, RANNTKGSL, LPYPQILLL,
AADLDDFSKQLQ, HSSGVTREL, YSGVVTTV, KLPDDFTGC, YLQPRTFLL,
TLNDLNETL, VPYNMRVI). PBMCs were then incubated for 48 h at
37 °C, 5% CO2. Spots were revealed using BIO-RAD Alkaline Phospha-
tase Conjugate Substrate Kit. The resulting ELISpots were analyzed
usingCTL ImmunoSpot. S5UVAnalyzer (Cellular Technology Ltd,OH).
Unstimulated cells and cells stimulated with 10μg/mL of single pep-
tide HIV pol HLA-A*0201 (ILKEPVHGV) (10μg/mL, JPT Peptide Tech-
nologies, Berlin, Germany) were used as negative controls and
cytostim (5 uL/ml, Miltenyi, Gaithersburg, MD), spike megapool of
peptides (1μg/mL, JPT Peptide Technologies, Berlin, Germany), Pep-
Pool CEF (CD8) (1μg/mL, JPT Peptide Technologies, Berlin, Germany)
were used as positive controls. In this assay, a response was defined as
positive if it was greater than or equal to the mean of negative control
(response to HIV single peptide) + 3.

Building a SARS-CoV-2 intra-host dataset
We compiled a comprehensive intra-host dataset, which included
Illumina amplicon paired-end sequencing libraries of SARS-CoV-2
obtained during the initial two years of the COVID-19 pandemic, col-
lected between 2020 and 2021. We ensured a representative sampling
strategy across both time and geographical locations, while taking
advantageof large amountof data fromcountries particularly involved
in genomic surveillance efforts, with the United Kingdom (UK) and the
United States of America (USA) contributing significantly (51% and 14%
of the dataset, respectively). For each month, we randomly selected
libraries based on their availability in the National Center for Bio-
technology Information (NCBI): up to 5000 from the UK, up to 1000
from the USA, and up to 2000 from other global regions, resulting in a
potential monthly total of 8,000 libraries, leading to the acquisition of
a total of 100,512 libraries. Subsequently, each library underwent
preprocessing, where Illumina sequencing adapters and low-quality
reads (Phred score <20) were removed using TrimGalore! V.0.6.0. The
trimmed libraries were then mapped to the SARS-CoV-2 reference
genome (NC045512.2) using BWA meme v.0.7.17-r1188, resulting in
BAM files. To further refine the data, we employed the iVar pipeline for
primer trimming, using the ARTIC Network V3, V4, and V4.1 amplicon
designs as these three kits were predominant in the sequencing cen-
ters within our dataset during the sampling period. The samtools
mpileup tool, with specific parameters (-Q 20 -q 0 -B -A -d 600000),
was used to generate pileup files containing read information for each
BAM file. Finally, the tool pileup2base was used to convert each pileup
files to the more comprehensive base file format. This process pro-
vided details such as the depth of coverage per genomic position
(number of reads aligning to the position), positions of Single
Nucleotide Variants (SNVs), insertions, and deletions.

Identifying deletions leading to LPYPQILLL peptide
To identify all deletions leading to the generation of the LPYPQILLL
CD8 + T cell epitope (frame+1), the base files generated from all SARS-
CoV-2 NCBI sequencing libraries were queried using an in-house
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python 3.11-based algorithm. Briefly, all deletions of one or more
amino acids were searched between the frame+1 stop codon directly
preceding the epitope and the start of the LPYPQILLL epitope (geno-
mic positions 23,623 and 23,693, respectively). All deletions ending
prior to the stop codon aswell as after the epitopewere omitted.While
all lengths of deletions were included in our exhaustive, comprehen-
sive deletion analysis, only those leading to the appropriate frame shift
(frame+1)were considered in the context of the LPYPQILLLpeptide. To
account for putative sequencing errors, three distinct thresholds were
applied prior to analyses: deletions identified in at least 2 reads; 50
reads; and 100 reads.

Epitope conservation analysis using EpiTrack
A multiple sequence alignment (MSA) comprising all GISAID SARS-
CoV-2 entries (n = 14.6M sequences) and usingWuhan-1 (NC_045512.2)
as reference was downloaded from GISAID, along with all corre-
sponding metadata on 10/24/2023. All subsequent data processing
and analyses were performed using EpiTrack (see Code Availability).
GISAID entries without metadata, with incomplete year/month sam-
pling dates, or associated with non-human hosts were omitted. The
resulting dataset was used in all subsequent analyses. For all
MHCvalidator-identified peptides of interest, the nucleotide sequence
of the peptidewas extracted fromall SARS-CoV-2 sequenceof theMSA
(when available) and translated. The resulting sequence was defined as
an “alternative peptide” if the amino acid sequence differed from that
of the wuhan-1 reference sequences. The number of occurrences of all
distinct alternative peptides as well as the unmutated peptide were
determined. Only alternative epitopes identified in at least 10 GISAID
entries were considered in subsequent analyses. As a computational
control, all analyses were repeated on a set of end-to-end 9-mers
spanning the entire SARS-CoV-2 canonical proteome. For all epitopes
of interest (CD8+ epitopes identified from SARS-CoV-2-infected cells,
n = 10; BNT162b4mRNA vaccine CD8+ epitopes, n = 6) as well as for all
control 9-mers, the epitope-specific rate of mutation was expressed as
the number of alternative peptides found across the GISAID database
dividedby the total number ofGISAIDsequences forwhich the epitope
had sequencing coverage.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The mass spectrometry JY immunopeptidomics data have been
deposited to the ProteomeXchange Consortium via the PRIDE partner
repository with the dataset identifier PXD052187. Other mass spec-
trometry datasets for this study were acquired from the following
public repositories: mono-allelic cell line data - MassIVE:
MSV000080527 (https://massive.ucsd.edu/ProteoSAFe/dataset.jsp?
task=a67baac756f5421faf51c5d4bac3005f); BNT162b4 data - MassIVE
repository: MSV000091008 (https://massive.ucsd.edu/ProteoSAFe/
dataset.jsp?task=88caf6334d494a72b3c8d5e9988a64e6); SARS-CoV-
2 infections - PRIDE repository: PXD025499. Source data are pro-
vided with this paper.

Code availability
MHCvalidator is available on the CaronLab GitHub page: https://
github.com/CaronLab/mhc-validator. Instructions on how to run
MHCvalidator in its different configurations are explained in this page.
The scripts pertaining to the intra-host deletion analyses, along with
the list of NCBI libraries used, as well as the mutational dynamics
analyses are available on the HussinLab GitHub page: https://github.
com/HussinLab/EpiTrack. Source code are also available on Zenodo:
MHCvalidator (https://zenodo.org/records/13736549) and EpiTrack
(https://zenodo.org/records/13738788)136.
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