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High-throughput, targeted MHC class I 
immunopeptidomics using a functional 
genetics screening platform

Peter M. Bruno    1,2, Richard T. Timms    1,2,3, Nouran S. Abdelfattah1,2, 
Yumei Leng1,2, Felipe J. N. Lelis4, Duane R. Wesemann    4,5, Xu G. Yu6,7 & 
Stephen J. Elledge    1,2 

Identification of CD8+ T cell epitopes is critical for the development of 
immunotherapeutics. Existing methods for major histocompatibility 
complex class I (MHC class I) ligand discovery are time intensive, specialized 
and unable to interrogate specific proteins on a large scale. Here, we present 
EpiScan, which uses surface MHC class I levels as a readout for whether 
a genetically encoded peptide is an MHC class I ligand. Predetermined 
starting pools composed of >100,000 peptides can be designed using 
oligonucleotide synthesis, permitting large-scale MHC class I screening. We 
exploit t hi s p ro grammability of EpiScan to uncover an unappreciated role 
for cysteine that increases the number of predicted ligands by 9–21%, reveal 
affinity hierarchies by analysis of biased anchor peptide libraries and screen 
viral proteomes for MHC class I ligands. Using these data, we generate and 
iteratively refine peptide binding predictions to create EpiScan Predictor. 
EpiScan Predictor performs comparably to other state-of-the-art MHC class 
I peptide binding prediction algorithms without suffering f ro m u nd er re pr-
es en tation of cysteine-containing peptides. Thus, targeted i mm un op ep ti-
domics using EpiScan will accelerate CD8+ T cell epitope discovery toward 
the goal of i nd iv id ua l- sp ecific i mm un otherapeutics.

The presentation of intracellular peptides in the context of major histo-
compatibility complex class I (MHC class I) molecules on the cell surface 
allows surveilling cytotoxic CD8+ T cells to identify pathogen-infected 
or malignant cells1. Most peptides bound to MHC class I molecules are 
derived from the degradation of intracellular proteins by the protea-
some2; these peptides are pumped into the endoplasmic reticulum 
(ER) by the TAP transporter, where they can be further processed and 
loaded onto MHC class I (ref. 3). Peptide ligands for MHC class I can 

also be derived from lysosomal protein degradation4,5 and through 
the action of proteases in the cytosol or ER.

A better understanding of the rules governing peptide binding 
by MHC class I molecules would facilitate the development of more 
effective vaccines and other immune-based therapies, but this task is 
complicated by the diverse array of MHC class I molecules (encoded by 
human leukocyte antigen A (HLA-A), HLA-B, HLA-C, HLA-E and HLA-G) 
expressed in human cells and their highly polymorphic nature across 

Received: 1 November 2021

Accepted: 13 October 2022

Published online: 2 January 2023

 Check for updates

1Department of Genetics, Harvard Medical School and Division of Genetics, Brigham and Women’s Hospital, Boston, MA, USA. 2Howard Hughes 
Medical Institute, Chevy Chase, MD, USA. 3Cambridge Institute of Therapeutic Immunology and Infectious Disease, Jeffrey Cheah Biomedical Centre, 
Cambridge Biomedical Campus, University of Cambridge, Cambridge, UK. 4Department of Medicine, Division of Allergy and Immunology, Division of 
Genetics, Brigham and Women’s Hospital, Harvard Medical School, Boston, MA, USA. 5Massachusetts Consortium on Pathogen Readiness, Boston, MA, 
USA. 6Ragon Institute of MGH, MIT and Harvard, Cambridge, MA, USA. 7Infectious Disease Division, Brigham and Women’s Hospital, Boston, MA, USA. 

 e-mail: selledge@genetics.med.harvard.edu

http://www.nature.com/naturebiotechnology
https://doi.org/10.1038/s41587-022-01566-x
http://orcid.org/0000-0003-3383-0118
http://orcid.org/0000-0001-7275-597X
http://orcid.org/0000-0002-6690-944X
http://orcid.org/0000-0001-7923-6283
http://crossmark.crossref.org/dialog/?doi=10.1038/s41587-022-01566-x&domain=pdf
mailto:selledge@genetics.med.harvard.edu


Nature Biotechnology | Volume 41 | July 2023 | 980–992 981

Article https://doi.org/10.1038/s41587-022-01566-x

expressed N-terminally extended versions of our positive-control pep-
tides, reasoning that these should not result in increased surface MHC 
class I levels in the absence of N-terminal peptidase activity. Indeed, 
N-terminally extended versions of SIINFEKL or NLVPMVATV, a peptide 
derived from the pp65 gene of human cytomegalovirus, did not lead to 
increased MHC class I surface staining in either humanized H-2Kb- or 
HLA-A*02-expressing EpiScan cells (Extended Data Fig. 3a–c). Genetic 
complementation with exogenous ERAP1 or ERAP2 led to a restoration 
of cell surface MHC class I levels after expression of the N-terminally 
extended peptides, confirming that the effect was due to a lack of 
ERAP1/ERAP2 activity (Extended Data Fig. 3a–c).

MHC class I chaperones, such as TAPBP and TAPBR, play an impor-
tant role in assembly and peptide selection of MHC class I (ref. 20). 
Furthermore, TAP1/TAP2 directly interact with these and other chap-
erones. Therefore, we wanted to test whether increased expression of 
TAPBP or TAPBPR or addition of catalytically inactive TAP1/TAP2 could 
improve EpiScan signal. Interestingly, the primary difference after 
expression of the chaperones was an increase in surface MHC class I 
when negative-control peptides were expressed (Extended Data Fig. 
3d) and little difference in surface MHC class I with positive-control 
peptides (Extended Data Fig. 3e). As a result, EpiScan cells without any 
additional chaperone expression had the best signal-to-noise ratio 
(Extended Data Fig. 3f).

Imprecise signal peptide cleavage could also lead to false positives 
in the EpiScan assay, and so we sought to challenge the system with 
exogenous peptides that would most likely be cleaved at the improper 
location. As the gp70 signal peptide ends with a glycine residue, we 
selected three HLA-A*02 peptide ligands that commenced with glycine 
for detailed characterization. In addition to the wild-type 9-mer pep-
tides, we also tested 8-mer variants in which the initial glycine residue 
was removed and 10-mer variants in which an additional glycine was 
added (Extended Data Fig. 3g,h). If signal peptidase (SP) cleavage is 
precise and consistent, then only expression of the wild-type 9-mer 
peptides should increase cell surface MHC class I levels in the EpiScan 
assay. However if SP cleavage occurs ‘early’, such that the terminal gly-
cine residue of the signal peptide remains on the liberated MHC class 
I peptide ligand, then the 8-mer variants should increase cell surface 
MHC class I in the EpiScan assay; conversely, if SP cleavage occurs 
‘late’, removing an additional glycine, then the 10-mer variant should 
increase cell surface MHC class I. Reassuringly we observed that only 
the wild-type version of the peptides led to increased surface MHC 
class I (Extended Data Fig. 3h), demonstrating that precise SP cleavage 
occurs even for these challenging substrates.

To examine the sensitivity of EpiScan, we tested a series of peptides 
with HLA-A*02 and HLA-A*03 for which there was known affinity and 
stability data in the Immune Epitope Database (IEDB)21. We saw that 
EpiScan data from both alleles correlated at least as well with their 
respective IEDB affinity datasets as those datasets correlated with all 
other available IEDB datasets (11 for HLA-A*02 and 6 for HLA-A*03;  
Fig. 1g–j, Extended Data Fig. 3i, Supplementary Table 1 and Source Data 1).  
Peptides with an affinity of 600 nm and lower scored positively with 
EpiScan. Two apparent false positives for HLA-A*02 were cysteine-ended 
peptides for which IEDB binding affinity values were ≥10 μM. However, 
it has been previously shown that cysteine oxidation, and resultant 
disulfide-linked peptide multimers, can interfere with in vitro binding 
affinity measurements22. Thus, we believe EpiScan more accurately 
reflects the affinity of these peptides for HLA-A*02. Altogether, these 
data demonstrate that EpiScan constitutes an accurate and robust sys-
tem for the identification of high-affinity MHC class I peptide ligands.

High-throughput MHC class I ligand discovery using EpiScan
Having optimized and validated the EpiScan platform using individual 
peptides, we sought to implement the approach for high-throughput 
screening to identify MHC class I peptide ligands at scale (Fig. 2a). 
We synthesized a pool of oligonucleotides encoding random 9-mer 

the human population6. Given that MHC class I peptide ligands are 
typically 8–12 amino acids in length, and an individual may have up to 
6 unique MHC class I alleles, the theoretical diversity of an individual’s 
immunopeptidome is over 1 billion (ref. 7).

Mass spectrometry (MS) is currently the most dependable and 
accurate method for identifying MHC class I ligands, with large-scale 
experiments capable of identifying roughly 1,000 peptides eluted 
from any given MHC class I allele product8. One key limitation, how-
ever, is that MS-based approaches must inevitably sample peptides 
derived from the entire cellular proteome; the presence of thousands 
of self-peptides means that it is statistically challenging to confidently 
identify the spectra of potential T cell epitopes generated from a par-
ticular pathogen, for example, or the potential neoantigens presented 
by a particular individual’s tumor. Biochemical reconstitution of the 
MHC class I complex can generate precise measurement of the affin-
ity of diverse peptide ligands, including those with post-translational 
modifications, but solid-phase peptide synthesis is costly and limited 
in throughput9,10. Similarly, the throughput of cell-based MHC class I 
stabilization assays is limited due to the reliance on solid-phase peptide 
synthesis11–13. Thus, we developed EpiScan, an alternative approach 
that is high throughput and permits targeted immunopeptidomics.

Results
Development of EpiScan
EpiScan is a genetic platform that allows for the high-throughput iden-
tification of peptides that bind MHC class I molecules from within a 
defined starting pool. EpiScan relies on the well-established principle 
that MHC class I molecules are only trafficked to, and maintained on, 
the cell surface after stably binding a high-affinity peptide in the ER  
(Fig. 1a)13. In the absence of the TAP complex, which pumps proteaso-
mally derived peptide fragments into the ER lumen14, peptide loading 
onto MHC class I molecules is impaired, and cell surface MHC class I 
levels are markedly reduced (Fig. 1b). Under these conditions, we rea-
soned that the introduction of a single exogenous high-affinity MHC 
class I peptide ligand into the ER should restore cell surface MHC class 
I levels, thereby permitting the binding of individual peptides to MHC 
class I molecules to be assayed by flow cytometry15 (Fig. 1c,d).

We validated the EpiScan platform using the model ovalbumin anti-
gen SIINFEKL. Using CRISPR–Cas9-mediated gene disruption, we iso-
lated a HEK-293T clone (henceforth ‘EpiScan cells’) lacking MHC class I 
(HLA-A, HLA-B and HLA-C), TAP and the ER-resident metallopeptidases 
ERAP1 and ERAP2 (refs. 16,17; Extended Data Fig. 1a–d). We subsequently 
reexpressed a single MHC class I allele, a humanized version of the 
mouse H-2Kb wherein the β2-microglobulin (β2m)-interacting domain 
was replaced with the human equivalent, and examined whether exog-
enous delivery of the SIINFEKL peptide into the ER would restore cell 
surface MHC class I levels. Using an expression construct containing 
the signal peptide from the gp70 gene of mouse mammary tumor 
virus18 (Extended Data Fig. 1e), we found that exogenous expression of 
SIINFEKL, but not a variety of control peptides, increased cell surface 
MHC class I levels (Fig. 1e,f and Extended Data Fig. 2a,b)19. In addition, 
we obtained similar results using the common human MHC class I 
alleles HLA-A*02 and HLA-A*03 with corresponding positive-control 
peptides (Extended Data Fig. 2c,d). Furthermore, all of the EpiScan 
results were consistent with peptide medium addition experiments 
in TAP-deficient cells12 (Extended Data Fig. 2d–f).

Peptidase activity in the ER could adversely affect the perfor-
mance of EpiScan; destruction of the exogenous peptide would reduce 
the sensitivity of the assay, while partial proteolysis could generate 
false positives, as a processed form of the peptide (and not the geneti-
cally encoded peptide itself) might bind to MHC class I. Thus we also 
chose to mutate the genes encoding peptidases ERAP1 and ERAP2, 
which trim antigenic peptides from their N termini to generate frag-
ments of the optimal size for MHC class I binding (8- to 12-mers)16,17. 
To verify the loss of the activity of these enzymes in EpiScan cells, we 
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peptides and cloned them into the EpiScan vector, resulting in a library 
of ~500,000 unique 9-mer sequences. The library was packaged into 
lentiviral particles and introduced into EpiScan cells expressing a single 
HLA allele at a low multiplicity of infection, such that, following puromy-
cin selection to remove untransduced cells, each cell in the remaining 
population expressed a single 9-mer peptide (Extended Data Fig. 4a). As 
expected, only a small percentage of these cells exhibited cell surface 
MHC class I levels above those of the untransduced cells (Fig. 2a and 
Extended Data Fig. 4b–j), consistent with the notion that only a small 
fraction (~0.1%) of all possible 9-mer peptides bind any given HLA allele 
gene product21,23. This positive population was then partitioned into 
four bins based on the degree of positivity via fluorescence-activated 
cell sorting (FACS), followed by genomic DNA extraction, PCR ampli-
fication of the EpiScan construct and next-generation sequencing to 
identify the enriched peptides. We confirmed that FACS did indeed 
enrich for cells expressing MHC class I ligands, as, after recovery and 
expansion, the sorted cells retained elevated surface MHC class I 
(Extended Data Fig. 4b–j).

To validate the utility of the EpiScan screening approach, we asked 
if the sequences of the peptide ligands recapitulated the known prefer-
ences of four common, well-studied HLA allele gene products HLA-A*02, 
HLA-A*03, HLA-B*08 and HLA-B*57. In each case, the sequences of the 
high-confidence peptides identified by EpiScan closely mirrored those 
of the corresponding sequences identified by MS8 (Fig. 2b,c and Source 
Data 2). For this analysis, the sorting bins were treated as replicate 
experiments, and high-confidence MHC class I binders were identified 
based on enrichment relative to input, with reproducible enrichments 
across bins used as an additional threshold for some alleles (Methods).

We further validated our EpiScan screening approach by investi-
gating the underlying cause of abacavir hypersensitivity syndrome. 
Abacavir is a human immunodeficiency virus (HIV) reverse tran-
scriptase inhibitor that causes hypersensitivity in around 5% of individ-
uals24. Predisposition to abacavir hypersensitivity reactions is strongly 
associated with HLA*B57:01, and crystal structures show abacavir bind-
ing in the peptide binding groove of HLA*B57:01 (refs. 25,26). Screening 
our library of random 9-mer peptides in HLA-B*57-expressing EpiScan 
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Fig. 1 | Genetic identification of MHC class I ligands using the EpiScan 
platform. a–d, Schematic representation of the EpiScan approach. In wild-type 
cells (a), proteasome-derived peptides are imported into the ER by the TAP 
complex, trimmed by the N-terminal peptidases ERAP1 and ERAP2 and loaded 
onto MHC class I molecules for presentation on the cell surface. In the absence 
of TAP (b), however, MHC class I peptide loading is impaired; empty MHC class I 
molecules remain in the ER, and cell surface MHC class I levels decrease. Under 
these conditions, delivery of exogenous peptide into the ER that binds MHC class 
I restores cell surface MHC class I levels (c). Exogenous peptides are targeted 
to the ER using the lentiviral EpiScan vector (d), which expresses a putative 
MHC class I ligand downstream of a signal peptide; GFP, green fluorescent 
protein. e–j, Validation of the EpiScan approach. EpiScan cells expressing the 
proteins encoded by a humanized H2-Kb allele (e and f), HLA-A*02 (g and h) 
or HLA-A*03 (i and j) were transduced with the EpiScan vector expressing the 
indicated peptides, and cell surface MHC class I levels were measured by flow 

cytometry; IC50, half-maximal inhibitory concentration; EC50, half-maximal 
effective concentration. Representative histograms are shown in e, g and i; the 
data shown in f, h and j represent the mean ± s.e.m. of the fold change in MFI 
relative to the average of the negative controls for that experiment. Peptides 
shown in blue represent negative controls; peptides shown in red or orange 
represent positive controls. Peptides are color coded such that histograms 
display representative data of the corresponding plot results. Each dot in f 
represents a different biological replicate; n = 6; ****P < 0.0001 relative to the 
PRKLPKLGP negative-control peptide; data were analyzed by one-way ANOVA 
with a Dunnett’s multiple-comparison test. EpiScan data in h and j are compared 
to IEDB affinity data with the Spearman correlation shown on the graph. Below 
the graph is the average absolute correlation of the affinity data shown relative 
to other IEDB datasets with the same peptides. Data in h are representative of 
n = 4 independent biological replicates, and data in j are representative of n = 3 
independent biological replicates.
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cells in the presence and absence of abacavir yielded both overlapping 
and distinct sets of binding peptides (Extended Data Fig. 4k,l and Sup-
plementary Table 2). Consistent with previous MS-based studies25,26, the 
primary difference between the two conditions occurs at the C-terminal 
anchor position. The frequency of the two most common residues, 
tryptophan and phenylalanine, decreased after abacavir treatment, 
while the frequency of valine, leucine, isoleucine and glycine increased 
(Extended Data Fig. 4k,l and Supplementary Table 2). These changes 
ranged from 0.5 to 10% differences in amino acid usage. Such differ-
ences would create a substantial number of novel peptides displayed 
by HLA*B57:01 and hence may explain the widespread T cell activation 

elicited in the hypersensitivity reaction. Thus, EpiScan is capable of 
detecting subtle changes in MHC class I binding specificity and can 
be further used to investigate autoimmunity and the interactions of 
drugs with the immune system.

Signal peptide peptidase (SPP) loss improves HLA-A*02 
EpiScan
In the absence of exogenous peptide expression, we noticed that there 
was substantially more residual MHC class I on the surface of EpiScan 
cells expressing HLA-A*02 than on cells expressing the other MHC class 
I alleles (Fig. 2d). Previous observations of high HLA-A*02 background 
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Fig. 2 | EpiScan pooled screening allows for high-throughput MHC class I 
ligand discovery. a, Schematic representation of the screening procedure. A 
pool of random oligonucleotides encoding 9-mer peptides was cloned into the 
EpiScan lentiviral vector and introduced into EpiScan cells expressing a single 
HLA allele. Cells expressing exogenous peptides binding MHC class I that hence 
exhibited elevated cell surface MHC class I levels were isolated by FACS, and the 
identity of the peptides was revealed by next-generation sequencing. The left dot 
plot displays two separate samples; light blue dots represent negative-control 
EpiScan cells before transduction, while red dots show EpiScan cells expressing 

the library of exogenous peptides; MOI, multiplicity of infection; gDNA, genomic 
DNA; NGS, next-generation sequencing. b,c, EpiScan screens recapitulate known 
binding preferences for common MHC class I alleles. Logo plots summarize the 
sequences of the MHC class I ligands identified by EpiScan (b); for comparison, 
analogous logo plots based on MHC class I ligands identified by MS8 are 
shown in c. d, Histograms show cell surface MHC class I levels on EpiScan cells 
expressing the indicated HLA alleles with (left) or without (right) SPP. e, Logo plot 
summarizing the composition of the HLA-A*02:01 ligands identified by EpiScan 
screens using SPP-deficient EpiScan cells.
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in TAP-deficient cells determined that peptides derived from signal 
peptides bind HLA-A*02 (refs. 27,28). One potential route through which 
these peptides could be generated is via SPP (encoded by the HM13 
gene), an enzyme responsible for intramembrane cleavage of signal 
peptides that have been released from secretory proteins by SP29. Thus, 
we generated SPP-knockout (KO) EpiScan cells in which HM13 was also 
disrupted (Extended Data Fig. 1f). Following introduction of exogenous 
MHC class I alleles but in the absence of exogenous expression of MHC 
class I ligands, SPP-KO EpiScan cells generally displayed less surface 
MHC class I than wild-type cells (Fig. 2d). The difference was especially 
pronounced for HLA-A*02, which prefers aliphatic amino acids such 
as leucine and valine8 that are commonly found in the hydrophobic 
region of signal peptides30. However, when comparing the fold change 
for positive-control peptides relative to negative-control peptides in 
our EpiScan assay, only for HLA-A*02 was there a clear benefit resulting 
from a lack of SPP (Supplementary Fig. 1).

We therefore repeated our EpiScan screen of the random 9-mer 
library for HLA-A*02 using the SPP-KO EpiScan cells. The lack of SPP 
resulted in only subtle changes in the amino acid composition of 
HLA-A*02 ligands, but, consistent with the enhanced signal to back-
ground in SPP-KO cells (Extended Data Fig. 4m), we were able to identify 
many more peptides as high-confidence HLA-A*02 binders (Fig. 2e). 
We anticipate that ablation of SPP KO will be crucial to improve the 
sensitivity of EpiScan for other MHC class I alleles that prefer amino 
acids commonly found in signal peptides.

EpiScan versus MS for MHC class I ligand discovery
MS represents the current best-in-class method for high-throughput 
MHC class I immunopeptidomics; thus, we wanted to scrutinize the 
differences between EpiScan and MS in an unbiased manner. First, we 
generated a position-specific frequency matrix (PSFM), which con-
tains the frequency of occurrence of amino acids at each position, for 
each result and used unsupervised clustering of the PSFMs to exam-
ine the similarities between the MHC class I ligands identified by MS 
and EpiScan. The clustering indicated that the differences between 
alleles was greater than the differences between the two methodolo-
gies (Fig. 3a). Additionally, we noticed a correlation between HLA-A*02 
and HLA-B*08, and to a lesser extent between HLA-A*02 and HLA-A*03, 
evidence for the potential for the allele gene products to share peptide 
ligands, several of which we validated with individual EpiScan assays 
(Extended Data Fig. 4n).

For all four MHC class I alleles, we noticed differences between the 
peptide binding preferences as determined by EpiScan and MS (Figs. 
2b,c and 3b). With the exception of anchor positions, one would expect 
that the overall representation of amino acids in MHC class I ligands 
should closely mirror their frequency in the proteome; however, even 
after normalizing for the differences in amino acid frequencies in our 
9-mer randomer peptide library compared to the human proteome, 
cysteine was greatly enriched across all peptide positions among the 
MHC class I peptide ligands identified by EpiScan versus those identi-
fied by MS (Fig. 3c and Extended Data Fig. 5). As a result of its varied 
in vivo modifications and its propensity for oxidation during sample 
preparation, cysteine-containing peptides are known to be difficult to 
identify by MS31. Indeed, cysteine was present at roughly the expected 
frequency across the MHC class I ligands detected by EpiScan but was 
dramatically depleted (five- to tenfold) among peptides identified by 
MS (Fig. 3c). Notably, these differences are present despite the use 
of iodoacetamide to reduce and alkylate cysteine to prevent it from 
unwanted modification during MS sample preparation and the inclu-
sion of a carbamidomethylation modification of cysteine in their spec-
tral database search8. To further validate these findings, we selected a 
panel of high-confidence HLA-A*03 ligands detected by EpiScan that 
(1) contained cysteine residues and (2) were not predicted to bind by 
NetMHC4.0 or MSi, the HLAthena model based only on intrinsic pep-
tide features (Supplementary Table 3)8,32,33, and performed individual 

EpiScan assays. All of the peptides increased surface MHC class I levels 
at least 20-fold compared to negative controls (Fig. 3d). Thus, we con-
clude that EpiScan can be used to detect cysteine-containing peptides 
that are otherwise underrepresented in MS-based datasets of MHC 
class I ligands.

Among other noticeable differences in amino acid preferences 
between EpiScan and MS is a relative increase of valine at the expense 
of leucine in the last position for HLA-A*02 in EpiScan (Figs. 2b,c and 3e) 
and the abundance of proline at the penultimate position for HLA-A*02 
and HLA-B*08 in EpiScan (Extended Data Fig. 5a–d and Supplementary 
Table 4). Proteasome cleavage is strongly disfavored downstream of 
proline residues34,35; thus the position-specific enrichment of pro-
line emphasizes that peptide ligands are detected by EpiScan solely 
on the basis of MHC class I affinity, whereas the endogenous MHC 
class I ligands detected by MS approaches are impacted by protea-
some cleavage preferences. To examine the differences in leucine 
representation at the last position of HLA-A*02 between EpiScan and 
MS, we compared a series of 9-mer peptides for which the first eight 
residues were identical but the last was either valine or leucine. In all 
cases, the valine-ended 9-mer resulted in more surface HLA-A*02 than 
the leucine-ended 9-mer when tested by EpiScan (Fig. 3f) or exog-
enous peptide addition experiments (Fig. 3g). These results were also 
confirmed by in vitro peptide binding experiments (Extended Data  
Fig. 5e). This suggests that valine-ended peptides generally bind 
HLA-A*02 better than leucine-ended peptides and that our EpiScan data 
accurately reflect this difference. Why MS detects a greater abundance 
of leucine despite lower affinity than valine is unclear. The difficulty in 
detecting cysteine could partially contribute to an inflated proportion 
of leucine, but the difference could also involve subtle differences in 
gene expression, proteasome cleavage specificity, TAP transporter 
specificity, other MS sample preparation or detection issues or other 
yet to be discovered factors.

EpiScan reveals CD8+ T cell epitopes from human pathogens
A key advantage of EpiScan over MS-based approaches is that it per-
mits the targeted identification of MHC class I ligands from a defined 
pool of potential epitopes. Thus, we sought to test the ability of EpiS-
can to identify disease-relevant MHC class I ligands in a well-studied 
human pathogen. Severe acute respiratory syndrome coronavirus 2 
(SARS-CoV-2) has spread rapidly across the globe; as of early March 
2022, SARS-CoV-2 had caused over 462 million confirmed infections 
and was responsible for over 6 million deaths (https://coronavirus.
jhu.edu/map.html). Outcomes resulting from SARS-CoV-2 infection 
vary greatly between individuals36, and recent work has shown that a 
robust T cell response is correlated with favorable outcomes36–41. Fur-
thermore, individuals with agammaglobulinemia, who are unable to 
generate mature B cells, are able to recover from coronavirus disease 
2019 (COVID-19)42–44.

We synthesized an oligonucleotide library encoding all possible 9-, 
10- and 11-mer peptides covering 11 different strains of SARS-CoV-2 (a 
total of ~30,000 sequences) and performed a series of EpiScan screens 
using a panel of cell lines expressing 11 of the most common MHC class 
I alleles (Fig. 4a–c). Using next-generation sequencing, we compared 
the representation of peptide sequences in the input samples versus the 
samples sorted for high surface MHC class I. We identified high-confidence 
binders for each allele tested from every open reading frame (ORF) of the 
virus (Fig. 4d,e and Source Data 3). Overall, 10- and 11-mer peptides made 
up a larger proportion of binders, at the expense of 9-mers, than typically 
seen via MS8,23. The number of hits per ORF increased with the length 
of the ORF (Fig. 4e). Notably, approximately one-fourth of all ligands 
identified contained one or more cysteine residues, which would likely 
have escaped detection by MS-based approaches (Fig. 4f). We found 78 
high-confidence binders derived from the spike glycoprotein (S) across 
10 of the alleles screened (Fig. 4e) and 104 potential epitopes across the 
entire virus for HLA-A*02 alone, the most common MHC class I allele (Fig. 4f  
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and Extended Data Fig. 6a). Individual EpiScan experiments validated 
100% of the candidate ligands for HLA-A*02 (21/21; Extended Data Fig. 7b) 
and HLA-A*24:02 (9/9; Extended Data Fig. 6c,d), half of which were 10- and 

11-mer peptides. In addition, we validated seven HLA-A*03:01 peptides for 
which there was a least one less common amino acid at an anchor position 
(Extended Data Fig. 6e).
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Given the role of S mutations in the transmissibility, disease progres-
sion and vaccine evasion of SARS-CoV-2 strains45, we wanted to use EpiS-
can to more closely examine S peptides, and their common variants, for 
binding to HLA-A*02. We made an EpiScan library encoding all possible 
8- to 12-mer peptides for the original S sequence and the top 250 most 

common mutations. We did not find a bias toward S mutations elimi-
nating possible HLA-A*02 T cell epitopes, as more mutations improved 
HLA-A*02 binding than worsened it (Extended Data Fig. 7a,b and Source 
Data 4). Additionally, the wild-type and mutant peptides containing the 
variant of concern mutations D614G and A701V both bound to HLA-A*02.
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As an additional validation of HLA-A*02 binders across the entire 
virus, we subjected sorted EpiScan cells to MS for MHC binding pep-
tides and found that of the 224 9- to 11-mer peptides identified, 164 
were SARS-CoV-2 peptides (Fig. 4g and Source Data 5). Using the com-
bined approach of EpiScan and MS, we found roughly 70 times more 
viral peptides per MS run than traditional approaches46. In contrast 
to the traditional MS analysis that identified 29 SARS-CoV-2 peptides, 
of which only two contained cysteine, 21% of SARS-CoV-2 peptides in 
our EpiScan MS run contained cysteine, closer to the 33% observed 
with EpiScan for HLA-A*02. We attribute this increase in detectable 
cysteine-containing peptides to the high expression level of individual 
peptides by EpiScan cells, which reduces the risk that all cysteines are 
modified during sample preparation such that it would obscure the 
peptides from detection.

Optimal peptides for potential CD8+ T cell vaccines might be those 
that bind more than one HLA allele gene product to be efficacious in 
the largest number of individuals and that are derived from regions 
that are evolutionarily conserved across coronaviruses to hinder viral 
escape47. We identified 33 peptides that bound two HLA allele gene 
products (Extended Data Fig. 4n and Supplementary Table 5) and 83 
peptides located in highly conserved regions (Supplementary Table 
6)48,49. Furthermore, peptides unique to SARS-CoV-2 among the human 
coronaviruses will be important for assessing T cell-based immunity, 
particularly in seronegative individuals (Supplementary Table 5)50,51.

Lastly, we evaluated whether individuals with COVID-19 mount 
T cell responses against these potential epitopes. For 11 of the validated 
HLA-A*02 ligands, we generated peptide–MHC tetramers (Supple-
mentary Table 7) and used them to assess the prevalence of reactive 
CD8+ T cells in the blood of convalescent individuals with COVID-19. 
Six of the seven individuals tested had CD8+ T cells that reacted with 
at least 1 of the 11 tetramers (Fig. 4h and Extended Data Fig. 7c). In 
total, 7 of the 11 different tetramers reacted with participant T cells. 
Importantly, one of these peptides, VMAYITGGVV, was not predicted 
to bind by NetMHC4.0, NetMHCpan4.1 or MSi (Supplementary Table 
7), but reactive CD8+ T cells were readily identified in four of seven 
individuals. Furthermore, we used gene set enrichment analysis to 
test whether our EpiScan SARS-CoV-2 data enriched for T cell-reactive 
peptides from four previous studies using samples from convales-
cent individuals with COVID-1941,52–54. For our analysis, all SARS-CoV-2 
peptides were ranked via EpiScan, and ‘gene’ sets were made up of the 
T cell-reactive peptides for each allele. As expected, for each allele 
queried by EpiScan, the most enriched published T cell-reactive pep-
tide sets were those belonging to the corresponding allele (Extended 
Data Fig. 8 and Supplementary Table 8). The only exceptions occurred 
with allele gene products that share amino acid preferences at anchor 
positions, such as with HLA-B*07:02 and HLA-B*51; both allele gene 
products prefer proline in position 2 and small aliphatic amino acids 
at position 9. Although our approach is agnostic to immune responses 
and only evaluates peptide affinity for MHC class I, this comparison 
supports the notion that T cell responses are enriched for high-affinity 
peptide–MHC class I interactions55. Our implementation of EpiScan to 
identify MHC class I ligands from SARS-CoV-2 represents the first effort 
to experimentally query all of the potential CD8+ T cell epitopes from a 
single organism in a systematic way. The identification of conserved, 
high-affinity and T cell-reactive epitopes via EpiScan can enable the 
development of T cell-oriented vaccines and diagnostics for new and 
recently emerging zoonotic viruses.

Peptide binding prediction with EpiScan Predictor (ESP)
An important goal in the field of immunopeptidomics is the devel-
opment of computational models that can accurately predict MHC 
class I ligands starting from the primary sequence of a protein8,56,57. 
Given the differences between the MHC class I ligands identified by 
EpiScan and MS (Fig. 3b), we wanted to provide proof of principle that 
an effective prediction algorithm could be developed from EpiScan 

data. Using a neural network architecture analogous to the MSi algo-
rithm recently developed by Sarkizova and colleagues8 (Fig. 5a), we 
developed ESP. We trained machine learning models to classify 9-mer 
peptide sequences as binders or non-binders for HLA-A*02, HLA-A*03, 
HLA-B*08 and HLA-B*57. As proposed previously8,35, we evaluated the 
positive predictive value (PPV) of these models based on their ability 
to correctly identify true binders (peptide ligands identified in the 
random 9-mer EpiScan screens) in the presence of a 999-fold excess 
of random decoys. Overall, the performances of our first-pass (ESPv1) 
models were roughly similar to the performances of the MSi models 
(as evaluated by Sarkizova and colleagues8 on their own MS dataset). 
ESP showed somewhat superior performance to the MSi models for the 
two HLA-A alleles but inferior performance for the two HLA-B alleles8 
(Fig. 5b). Because of the shared algorithmic framework of the two sets 
of models, these differences reflect the inherent effectiveness of the 
respective datasets in training the neural network and do not mean that 
one algorithm would be superior to another on an orthogonal dataset.

Biased anchor peptide EpiScan reveals affinity hierarchies
We wanted to use the programmability of the EpiScan platform to 
probe the relative affinity of particular amino acid residues for MHC 
class I allele gene products. We created EpiScan libraries encoding 
potential 9-mer ligands for each of the four allele products (HLA-A*02, 
HLA-A*03, HLA-B*08 and HLA-B*57) wherein one of the critical anchor 
positions of the peptide encoded a favored residue but the second 
anchor position did not. For example, one-half of the HLA-A*02 library 
encoded peptides that contained isoleucine, leucine, methionine or 
valine at the second position, while the ninth position was occupied by 
any amino acid except alanine, isoleucine, leucine or valine; similarly, 
the second half of the library encoded peptides containing alanine, 
isoleucine, leucine or valine at the ninth position, while isoleucine, 
leucine, methionine or valine were prohibited at the second position 
(Extended Data Fig. 9a). By using EpiScan to identify the MHC class 
I ligands among these peptide pools, we reasoned that we would be 
able to infer which anchor position, and which of the residues at that 
anchor position, contribute the most to binding affinity. In agreement 
with our previous data comparing valine- and leucine-ended HLA-A*02 
ligands (Fig. 3f,g), valine-ended 9-mers constituted the largest fraction 
of binders relative to all other residues favored at anchor positions. 
At the ninth position for HLA-A*03, HLA-B*08 and HLA-B*57, it was 
lysine, leucine and tryptophan, respectively, that contributed the most 
to binding affinity (Extended Data Fig. 9b). Additionally, these data 
indicated which amino acids are preferred after the top residues are 
excluded, something that would be difficult to detect in a typical MS 
experiment. Using HLA-A*02 as an example, glutamine was the top 
alternative when isoleucine, leucine, methionine or valine were barred 
from the second position (Extended Data Fig. 9c,e). Furthermore, when 
comparing leucine- and valine-ended peptides where favored residues 
were excluded from the second position, stronger preferences were 
exhibited at non-anchor positions (such as 4 and 7) for the generally 
lower-affinity leucine-ended peptides relative to the valine-ended 
peptides (Extended Data Fig. 9c,d). We observed the same phenom-
enon for HLA-A*03, HLA-B*08 and HLA-B*57 when excluding favored 
anchor residues (Extended Data Fig. 9e–h), suggesting that peptides 
with lower-affinity residues in anchor positions rely more heavily on 
other positions to interact with MHC class I. Altogether, these data 
demonstrate that programming the EpiScan platform with specific 
peptide libraries can rapidly advance our understanding of MHC–pep-
tide binding properties.

EpiScan allows for iterative refinement of the ESP models
EpiScan provides the ability to improve the performance of our ESPv1 
models by retraining our models based on new sets of allele-specific 
peptide libraries. For each of the four alleles, HLA-A*02, HLA-A*03, 
HLA-B*08 and HLA-B*57, we designed allele-specific oligonucleotide 
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libraries encoding >100,000 putative 9-mer peptide ligands. The prin-
cipal component of these libraries was the best 50,000, or top 0.48%, 
binders from the human (9-mer) proteome as predicted by ESPv1. We 

reasoned that by taking the predictions from the initial ESPv1 model and 
evaluating those predictions experimentally, we would generate a far 
more informative dataset that could be exploited to train superior ESP 
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Comparison of algorithm performance for predicting binders as determined 
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of each algorithm. The number sign (#) denotes algorithms that were trained 
on EpiScan screen data. ESPv1 was trained on the random 9-mer library, and 
ESPv2 was trained on the retraining library. f, Performance of the indicated MHC 
class I ligand prediction algorithms when predicting binders in IEDB datasets. 
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models. To increase the diversity of potential ligands and to allow for 
a direct comparison between prediction algorithms, we also included 
all peptides from the IEDB and the top 50,000 binders predicted by the 
MSi and the NetMHC algorithms.

We performed the EpiScan screens as for the random 9-mer librar-
ies described above and first used the results as an opportunity to 
evaluate the concordance of EpiScan relative to in vitro assays in the 
IEDB21. We derived PPV scores based on what fractions of the EpiS-
can screen-enriched peptides were also classified as binders in each 
set of the IEDB assays. We found that EpiScan had an average PPV for 
IEDB-identified MHC class I ligands of greater than 85% for all alleles 
(Fig. 5c, Supplementary Table 9 and Source Data 1). Examination of the 
false-positive peptides for HLA-A*02 and HLA-A*03 showed that most 
had at least one, if not both, canonical residues at anchor positions 
(Supplementary Table 9 and Supplementary Fig. 2a,b), suggesting that 
EpiScan may be correct for a subset of these peptides.

Using this EpiScan screen data to generate a list of high-confidence 
binders for each allele (Source Data 6), we found that the majority of 
ESPv1-predicted HLA-A*02 and HLA-A*03 ligands did indeed bind MHC 
class I in the EpiScan assay, whereas inferior performance was observed 
for HLA-B*08 and HLA-B*57 (Fig. 5d), consistent with the earlier internal 
validation data (Fig. 5b). To evaluate the performance of ESPv1 relative 
to other algorithms, we asked how many of each algorithm’s top 0.48% 
predicted binders of the human proteome were also determined to 
be binders via our EpiScan screens. ESPv1 outperformed all other 
algorithms compared in this assay (Fig. 5e and Extended Data Fig. 10), 
although these algorithms were placed at a disadvantage given that the 
experimental evaluation was performed using EpiScan.

From the collective results of the IEDB, predictor peptide and 
biased anchor screens, we derived a larger dataset of both binders and 
non-binders to train ESPv2. Notably, we observed a ~0.2 increase in PPV 
over the previous performance of ESPv1 (Fig. 5b). The improvement for 
HLA-A*02 was less than that for the other alleles; we suspect that this 
is because the HLA-A*02 library was designed using ESPv1 trained on 
data derived from the random 9-mer library screened in SPP-sufficient 
cells, whereas the evaluation screen was performed in SPP-KO cells. Our 
success in improving ESP suggests that it should be possible to further 
enhance performance, particularly for the HLA-B alleles, from further 
iterations of this process.

To assess the performance of ESPv2 relative to other 
state-of-the-art MHC class I peptide binding prediction algorithms, 
we ran predictions of all peptides on an orthogonal dataset, the IEDB, 
with each algorithm. Again, we asked of each algorithms’ top 0.48% 
ranked predicted peptides, how many were classified as binders in dif-
ferent IEDB assays. We found that ESPv2 performed comparably to the 
other algorithms in its ability to predict binders from the IEDB (Fig. 5f  
and Source Data 1). The only exception was HLA-A*03, where we saw 
statistically significant differences between ESPv2 and algorithms that 
were trained exclusively on IEDB data, NetMHC and NetMHCpan-BA. 
Overall, these comparisons allow us to conclude that ESPv2 is faithfully 
capturing MHC class I binding preferences as determined by EpiScan.

However, comparing the proportion of cysteine-containing 
peptides in the top 0.48% predicted human proteome peptides of all 
algorithms for all four alleles revealed a dramatic difference; 21% of 
ESPv2-predicted peptides contain cysteine relative to an average of 
8% for the other six algorithms (Fig. 5g and Supplementary Table 10).  
Accounting for the difference in cysteine-containing peptides between 
the algorithms, ESPv2 predicted an increase in the total number of 
predicted MHC class I binding peptides of 9% (HLA-B*08) to 21% 
(HLA-A*03), depending on whether cysteine specificity participates 
as an anchor residue of the allele gene product. Overall, the new spe-
cificities identified by EpiScan and ESP increase the number of peptides 
predicted to bind MHC molecules by over 15% on average. This greatly 
expands the potential human epitope landscape, facilitating epitope 
discovery efforts and the design of immunotherapeutics.

Discussion
EpiScan allows for rapid empirical determination of MHC class I binding 
for large pools of peptides, leveraging inexpensive DNA oligonucleotide 
synthesis to generate predefined libraries for targeted immunopepti-
domics. As we have demonstrated with SARS-CoV-2, uncovering the 
entire MHC class I immunopeptidome for a single pathogen is readily 
achievable. Indeed, EpiScan could be used to find potential epitopes in 
any given foreign protein, facilitating the ‘deimmunization’ of proteins58 
and paving the way for non-immunogenic gene therapies in humans. In 
the future, this may be possible entirely in silico. Our early-generation 
predictive algorithms show comparable or superior performance to 
existing algorithms trained on MS data. We have demonstrated that 
sequential EpiScan screens can be performed to generate more informa-
tive training data, thus leading to iterative improvements in predictive 
power. Furthermore, EpiScan provides the possibility of analyzing longer 
peptides, such as 12-mers, that are too rare for reliable binding prediction.

One advantage of EpiScan is that it is not subject to bias introduced 
by limitations in MS-based peptide detection, upon which many pre-
diction algorithms are based. Early iterations of prediction algorithms 
were based on biochemical affinity measurements59,60. Both of these 
can be affected by cysteine oxidation during sample preparation22. By 
circumventing these inherent biases, EpiScan reveals a substantially 
greater proportion of cysteine-containing peptides among MHC class 
I ligands than previously appreciated. When comparing to MSi, ESPv2’s 
lack of bias against cysteine alone results in an increase of 9–21% of 
total peptides predicted to be binders, depending on the MHC class 
I allele examined (Supplementary Table 10). Also, the reactivity of 
CD8+ T cells toward cysteine-containing peptides can be modulated 
by cysteine modification61, further highlighting the importance of 
accurate prediction of cysteine-containing peptides.

Although many assays exist to characterize the targets of CD8+ 
T cells, they all rely on the successful prediction, and/or validation, of 
peptide binding to MHC class I. Classical approaches, such as tetramer 
staining or ELISpot, rely on peptide synthesis to make tetramers or elicit 
cytokine release and are thus not amenable for genome-scale epitope 
discovery. Our lab previously developed T-Scan for high-throughput 
T cell receptor specificity elucidation using genetically encoded pro-
tein fragments of at least 60 amino acids62. Therefore, further work 
is still required to identify the precise peptide responsible for T cell 
activation. EpiScan acts as a complementary tool to these top–down, 
T cell receptor-centric approaches by eliminating the potential pep-
tides that are not MHC class I ligands.

Although we have demonstrated that EpiScan can capably deter-
mine the capacity for peptides to bind MHC class I, it does not con-
sider endogenous proteasome cleavage or processing that would 
impact peptide presentation in vivo. Peptide processing can be 
influenced by the expression of the immunoproteasome63, varying 
ERAP1/ERAP2 expression levels (Extended Data Fig. 3a–c) and ERAP1/
ERAP2 variants64,65. To improve predictive accuracy for in vivo epitope 
presentation, we have incorporated an option to add proteasomal 
cleavage predictions via NetChop66 to our ESP online tool. However, 
proteasome-agnostic prediction methodology could be particularly 
important for peptides generated by proteasome-independent means 
or whose C termini are created by a stop codon. Specifically, activation 
of CD8+ T cells by dendritic cell cross-presentation can occur independ-
ent of the proteasome67. We saw relatively large percentages of >9-mer 
peptides in our SARS-CoV-2 screens (Fig. 4d), likely due to the absence 
of ERAP1/ERAP2 that would shorten those longer peptides. Longer pep-
tides, such as 10- and 11-mers, have been shown to adopt more unusual 
binding configurations that allow for amino acids at non-canonical 
positions to behave as ‘anchors’68–72. Although ERAP1/ERAP2-expressing 
cells may be less likely to present longer peptides, it is important to be 
able to demonstrate that they are capable of binding MHC class I. Thus, 
ESP will be a valuable tool for predicting potentially antigenic peptides 
that lacks bias from proteasomal and peptidase processing inherent 
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to MS-based predictors. In future work, we hope to generate sufficient 
data on peptides other than 9-mers to extend the predictive ability of 
ESP to potential MHC class I ligands of other lengths.

One limitation of the current configuration of EpiScan is the 
absence of amino acid modifications in the presented peptides. This 
may be addressable in certain cases by the use of systems to incorporate 
non-canonical amino acids, such as phosphoserine, into peptides at 
specific positions73. Alternatively, specific modifying enzymes could 
be expressed in the ER to modify peptides, or modification-mimetic 
amino acids can be substituted in positions where phosphoserine or 
phosphothreonine are known to reside.

Relative to the other alleles, we had difficulty in determining as 
many high-confidence binders for HLA-C gene products (Fig. 4f). Those 
screens had relatively poor intrareplicate correlation (Supplementary 
Table 11). In the future, we intend to determine whether this was due to 
technical issues or biological differences inherent to HLA-C alleles rela-
tive to HLA-A and HLA-B. It is possible that the chaperone requirements 
of HLA-C allele gene products are different74, and thus the endogenous 
chaperone expression in the EpiScan cells is not ideal for HLA-C peptide 
binding and trafficking to the cell surface. Testing HLA-C EpiScan with 
overexpression of TAPBP, TAPBPR and dead TAP1/TAP2, such as we did 
for HLA-A*02 (Extended Data Fig. 3f), may reveal better conditions for 
screening HLA-C.

Given the polymorphic nature of MHC alleles, many alleles remain 
under-characterized, especially those from other species, thus targeted 
immunopeptidomics could provide great utility. Applying EpiScan to 
the alleles of other species, such as mouse models of infectious disease, 
could facilitate rapid immunogenicity predictions. Furthermore, EpiS-
can could be used to understand and overcome Cas9 immunogenic-
ity75,76 and refine organ transplantation77. Thus, knowledge of foreign 
species MHC class I peptide specificities could enhance therapeutic 
approaches for humans and animals.

In addition to deep profiling of peptides, EpiScan can be used 
to determine the effects of chemicals on MHC class I presentation of 
specific peptides or alteration of MHC specificity. There are a large 
number of small-molecule-induced adverse drug reactions (ADRs) 
whose toxicities are linked to specific HLA alleles78. We have demon-
strated that EpiScan can detect altered HLA specificity for one such 
ADR caused by abacavir, an anti-HIV drug. Abacavir is known to bind to 
HLA-B*57 and alter its specificity to generate an autoimmune response. 
We easily detected this difference using EpiScan in which abacavir 
permitted HLA-B*57 to bind small aliphatic residues that previously 
did not bind. There are dozens of examples of ADR-causing drugs that 
can be interrogated using this technology.

Classical vaccination methods use immunization with full-length 
proteins, but the immune response that follows typically focuses on only 
a subset of potential antigenic epitopes through the poorly understood 
process of T cell immunodominance79. Knowledge of the assortment 
of potential T cell epitopes given the MHC class I haplotype of any 
particular individual could guide the development of personalized 
vaccines, which should provide broader and potentially more durable 
responses80. In particular, EpiScan would permit the swift assessment 
of potential neoantigen peptide–MHC class I complexes necessary for 
personalized cancer vaccines81. In addition to strong binding peptides, 
it is possible that peptides exist that are loaded onto MHC class I but 
bind too poorly to prime the immune system and generate an immune 
response. However, were an immune response already present that 
recognized that peptide, it may be sufficient to eliminate that cell. 
EpiScan could be used to quickly engineer peptides that are otherwise 
poor MHC class I ligands to have enhanced MHC class I binding to be 
capable of eliciting an immune response, thereby expanding the vaccine 
space to additional peptides.

Targeted immunopeptidomics enabled by EpiScan technology 
expands our ability to interrogate and manipulate the immune system 
and should find many applications in both basic and translational 

research, thereby bringing us closer to personalized therapies that 
harness the power of the immune system.
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Methods
Cell culture
HEK-293T (CRL-3216), T2 (CRL-1992) and C1R (CRL-2369) cells were 
obtained from ATCC. T2 and C1R cells were cultured in IMDM (Gibco, 
12440053) with 10% fetal bovine serum (FBS; HyClone) and 1% penicil-
lin–streptomycin (15140-122, Invitrogen). HEK-293T cells were cultured 
in 10% DMEM (Gibco, 11995065) with 10% FBS (HyClone) and 1% penicil-
lin–streptomycin (15140-122, Invitrogen). All cell lines were regularly 
tested for mycoplasma and were all negative. Cells were obtained 
directly from ATCC and thus were not authenticated.

T cell isolation and expansion
Peripheral blood was provided by the Ragon Institute of Massachu-
setts General Hospital that were PCR-confirmed COVID-19 cases. All 
study participants provided verbal and/or written informed consent. 
Participation in these studies was voluntary, and the study proto-
cols have been approved by the Partners Institutional Review Board. 
Memory CD8+ T cells were isolated using the Miltenyi CD8+ memory 
T cell isolation kit according to manufacturer’s instructions. T cells 
were expanded using irradiated peripheral blood mononuclear cells 
(PBMCs). Briefly, apheresis collars were obtained from the Brigham 
and Women’s Hospital Specimen Bank under protocol T0276, and 
PBMCs were purified on a Ficoll gradient. The cells at the interface 
were extracted, washed twice and irradiated (60 Gy IR). For expan-
sion, isolated memory CD8+ T cells were added to 2 million irradiated 
PBMCs in a final volume of 20 ml of RPMI, 10% FBS, 100 U ml–1 penicillin, 
0.1 mg ml–1 streptomycin, 50 U ml–1 interleukin-2 (Sigma) and 0.1 μg 
ml–1 anti-CD3 (OKT3, eBioscience).

Generation of EpiScan cells
HEK-293T cells were transfected with single-guide RNAs (sgRNAs) 
targeting TAP1 and TAP2. Cells exhibiting diminished cell surface MHC 
class I were then single-cell cloned by sorting into 96-well plates. An 
MHC class Ilow clone was then transfected with two sgRNAs target-
ing all endogenous MHC class I alleles. Cells lacking any detectable 
cell surface MHC class I were then single-cell cloned. Then, a TAP1/
TAP2-deficient, MHC class I-null clone was transfected with sgRNAs 
targeting ERAP1 and ERAP2, and single-cell clones were again gener-
ated from the resulting population. Successful disruption of ERAP1 
and ERAP2 was confirmed by immunoblotting and TOPO cloning and 
Sanger sequencing, respectively. Finally, the MHC class I-, TAP1/TAP2- 
and ERAP1/ERAP2-null clone was transfected with sgRNAs targeting 
HM13, and single-cell clones were generated. Successful disruption 
of HM13 was confirmed by Sanger sequencing.

All sgRNAs were cloned into either lentiCRISPR v2-FE or PX458 
(Addgene, 48138). The sequences used are outlined in Table 1.

Generation of EpiScan vector
A lentiviral pHAGE vector with a cytomegalovirus promoter plus an 
EF1α promoter driving EGFP–P2A-PuroR was used as the backbone. The 
vector was digested with PstI and AgeI to excise the EF1α promoter, and 
the Gibson assembly method was used to insert a gBlock (Integrated 
DNA Technologies) encoding (1) a codon-optimized mouse mammary 
tumor virus (MMTV) gp70 signal peptide, (2) filler region flanked by 
BsmBI sites and (3) an IRES element. The resulting vector was then 
converted into a Gateway destination-like vector by inserting the CmR 
and ccdB cassettes into the SphI site located in the filler region.

Droplet digital PCR
Genomic DNA from input EpiScan libraries was digested with 
HaeII (NEB, R0108) for 1 h at 37 °C. The QX200 droplet digital PCR 
system (Bio-Rad, 1864001) was used to create and evaluate drop-
lets after the droplet digital PCR reaction according to manu-
facturer’s guidelines (Bio-Rad, 1863005 and 1863023) with the 
following primers: puromycin resistance gene forward primer: 

5′-GTCACCGAGCTGCAAGAAC-3′, puromycin resistance gene reverse 
primer: 5′-CCACACCTTGCCGATGTC-3′ and puromycin resistance gene 
probe: 5′-6-FAM-CTTCCTCACGCGCGTCGG-3′ Iowa Black FQ. RPP30 
reagents were purchased as a kit from Bio-Rad (dHsaCP2500350). 
Multiplicity of infection was then determined by dividing the number 
of puromycin resistance gene-positive droplets by half the number of 
RPP30-positive droplets.

Peptide pulsing
Cells were washed with PBS three times to remove FBS and resuspended 
in IMDM with 1% penicillin–streptomycin (15140-122, Invitrogen) with-
out FBS, and 100,000 cells were seeded per well of a 96-well plate. 
Peptides were added 24 h before analysis by flow cytometry.

Flow cytometry
Cells were stained for at least 30 min in PBS, washed in PBS and ana-
lyzed with a BD LSR2. All antibodies were from BioLegend and were 
used at a 1:100 dilution (141605, APC anti-mouse H-2Kb bound to SIIN-
FEKL; 343305, PE anti-human HLA-A2; 316317, PE/Cy7 anti-human 
β2m; 141603, PE anti-mouse H-2Kb bound to SIINFEKL; 311410, APC 
anti-human HLA-A, HLA-B and HLA-C; 316312, APC anti-human β2m; 
125506, PE anti-mouse H-2; 343308, APC anti-human HLA-A2; 300434, 
Brilliant Violet 421 anti-CD3; 344726, Alexa Fluor 647 anti-CD8). Data 
collection was performed on a BD LSR2 with FACSDiva 6.0 (BD), and 
analysis was performed using FlowJo v10.6.1 (BD).

FACS
For EpiScan screens, 30 μl of antibody (APC-conjugated anti-human 
HLA-A2, BioLegend, 343308 or APC-conjugated anti-human β2m, 
BioLegend, 316312) in a total volume of 1.5 ml was used per 10 mil-
lion cells. Staining was conducted for 30 min at 4 °C; cells were then 
washed in PBS before sorting. Sorting was performed on a Sony 
MA900 instrument. For EpiScan screen sorts, the small remain-
ing library-negative population was used to draw the MHC class I 
surface-positive gate. Within that gate, four bins subdivided the 
positive population into equal populations. Examples can be found 
in Extended Data Fig. 4.

Immunoblotting
Cells were pelleted, washed in PBS and lysed in RIPA buffer. Lysates 
were mixed with Novex Tris-glycine SDS sample buffer containing 
β-mercaptoethanol and resolved on a 4–20% Tris-glycine SDS–PAGE 

Table 1 | sgRNAs and target sequences

sgRNA name sgRNA target sequence

sgTAP1-1 GCCATGCGAGAGAAGCTCCG

sgTAP1-2 AGTTCGAAGCTTTGCCAACG

sgTAP2-1 ATCCCCATATATGTATACCA

sgTAP2-2 ACAACAAAGTCTTGATGTGG

sgPan-MHC-I 1 CGGCTACTACAACCAGAGCG

sgPan-MHC-I 2 GAGATCACACTGACCTGGCAG

sgERAP1-1 AGATTATGCACTGGATGCTG

sgERAP1-2 GTGCAATTTGCTCCTGACGG

sgERAP1-3 AAGGCCATTCTAGCTGCAGT

sgERAP2-1 GAGATGCAACAAAGTCCAGAG

sgERAP2-2 GCCTCACCTGAAATACTATG

sgHM13-1 GCCCCACCAACAGCACTACG

sgHM13-2 AGAAATACATGGACAGCAGG

sgHM13-3 GGTATTTGGCACCAATGTGA
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gel. Antibodies used were anti-GAPDH (sc-47724, Santa Cruz, 1:200) 
and anti-ERAP1 (MABF851, Millipore, 1:1,000).

Transfection and single-cell cloning
HEK-293T cells were transfected using PolyJet (SignaGen, SL100688) as 
recommended by the manufacturer. Single-cell cloning was performed 
after 7 d by FACS using a Sony MA900 instrument.

Lentiviral transduction
HEK-293T cells were transfected with PolyJet (SignaGen, SL100688) 
according to manufacturer’s directions using a 1:1 ratio of lentiviral 
plasmids to packaging vectors (encoding VSV-G, Tat, Rev and Gag-Pol). 
Viral supernatants were collected at 48 h and 72 h after transfection, 
passaged through a 0.45-μm filter and applied to target cells for 48 h 
in the presence of 8 μg ml–1 polybrene. Transduced cells were selected 
with 2 μg ml–1 puromycin for at least 4 d.

EpiScan library generation
Random 9-mer library. An oligonucleotide of the follow sequence was 
ordered from Integrated DNA Technologies: ccacctgtgagcgggNNBNN-
BNNBNNBNNBNNBNNBNNBNNBtaaGCacgttactgg. ‘NNB’ was used to 
exclude two (TAA and TGA) of the three stop codons from randomly 
occurring; it was amplified by PCR using the primers tggccgtattggc-
cccgccacctgtgagcggg and attccaagcggcttcggccagtaacgtGCtta and 
cloned into the EpiScan vector digested with BsmBI using the Gibson 
assembly method. The resulting plasmids were then electroporated 
into Electromax DH10B competent cells (Thermo Fisher Scientific).

SARS-CoV-2 library. Protein sequences of SARS-CoV-2 available as 
of 6 February 2020 were downloaded from the NCBI SARS-CoV-2 data 
hub. This represented a total of 11 strains of SARS-CoV-2. All protein 
sequences were broken into 9-, 10- and 11-mer fragments, and dupli-
cates were removed. The remaining sequences were then reverse 
translated using a custom script written in MATLAB R2019b to avoid 
restriction sites for EcoRI/XhoI/BsmBI/BbsI and to ensure GC content 
between 30% and 70%. Sequences were amplified from a SurePrint 
oligonucleotide library (Agilent) and digested with BbsI to liberate 
sticky ended peptide-encoding fragments. The EpiScan vector was 
digested with BsmBI to generate compatible sticky ends, and the frag-
ments were cloned in via T4 ligation. The ligation products were then 
electroporated into Electromax DH10B competent cells (Thermo 
Fisher Scientific).

S variant library. All available sequences of the SARS-CoV-2 S gene 
were downloaded from GISAID on 1 January 2021. The top 250 most 
frequent mutations relative to the original Wuhan strain were chosen 
for inclusion in the library. All sequences were broken into 8-, 9-, 10-, 
11- and 12-mer fragments, and duplicates were removed. The remaining 
sequences were then reverse translated using a custom script written in 
MATLAB R2019b to avoid restriction sites for EcoRI/XhoI/BsmBI/BbsI 
and to ensure GC content between 30% and 70%. Sequences were ampli-
fied from a SurePrint oligonucleotide library (Agilent) with common 
primers, ccccctcctgtgtcaggg and taagcacgttactggccg. The product was 
cloned into the EpiScan vector digested with BsmBI using the Gibson 
assembly method. The resulting plasmids were then electroporated 
into Electromax DH10B competent cells (Thermo Fisher Scientific).

Retraining libraries. The specific libraries, all 9-mers, were designed 
with the following protocol:

 (1) Evaluating predictions of ESPv1, MSi and NetMHC. Proteome 
predictions were generated for each algorithm and ranked, 
and 100 peptides at random from each percentile were chosen; 
100 percentiles × 100 peptides = 10,000 peptides per algo-
rithm = 30,000 peptides total per allele.

 (2) Evaluating all top ESP predictions on the proteome. Of all ESPv1 
proteome predictions, those with peptides with a binding 
probability of <0.05 or <0.1 were chosen: 84,580 peptides for 
HLA-A*02, HLA-B*08 and HLA-B*57 and 92,000 for HLA*03.

 (3) Evaluating best MSi and NetMHC predictions. Of all of the MSi 
and NetMHC proteome predictions, the best 50,000 peptides 
in each case were chosen for 100,000 peptides per allele.

 (4) EpiScan IEDB benchmarking. All IEDB 9-mer peptides for each 
allele were included: 5,000 to 19,000 per allele.

 (5) MS peptide benchmarking. All 9-mer MS binders = 500 to 2,000 
peptides per allele.

 (6) Exploring biased anchor binders. EpiScan and MS binders were 
combined and used to generate a PSFM. Using this informa-
tion, anchor positions and their favored residues were defined: 
HLA*02: position 2: isoleucine, leucine, methionine and valine 
and position 9: alanine, isoleucine, leucine and valine; HLA*03: 
position 2: isoleucine, leucine, threonine and valine and 
position 9: histidine, lysine, arginine and tyrosine; HLA-B*08: 
position 5: lysine and arginine and position 9: leucine, valine, 
isoleucine and phenylalanine; HLA-B*57: position 2: alanine, 
serine, threonine and valine and position 9: phenylalanine, tryp-
tophan, tyrosine and leucine. Peptides were then generated by 
picking at random based on each allele’s PSFM but fixing it such 
that one of the anchor positions contains an optimal residue 
but the other anchor position does not; 2,000 peptides in each 
case = 8,000 total for HLA-B*08, 12,000 total for HLA-B*57 and 
16,000 total for HLA-A*02 and HLA-A*03.

Sequences were PCR amplified from a SurePrint oligonucleo-
tide library (Agilent), first with allele-specific primers and then with 
common primers, ccccctcctgtgtcaggg and taagcacgttactggccg, and 
cloned into the EpiScan vector digested with BsmBI using the Gibson 
assembly method. The resulting plasmids were then electroporated 
into Electromax DH10B competent cells (Thermo Fisher Scientific).

Next-generation sequencing library preparation
Genomic DNA was isolated via phenol–chloroform extraction. EpiScan 
vector sequences were amplified (forward: tccctacacgacgctcttccgatct-
tacagctcgccacctgtgagcggg; reverse: ggcttcggccagtaacgtgc; the under-
lined sequence represents a 0- to 7-nucleotide variable stagger region) 
in a 125-μl reaction with 5 μg of genomic DNA. PCR reactions for each 
sample were pooled and purified using the Machery–Nagel PCR clean-up 
kit (Takara, 740609), and 400 ng was used for a second round of PCR to 
add Illumina P5 and P7 sequences and indices for multiplexing (forward: 
aatgatacggcgaccaccgagatctacactcttTCCCTACACGACGCTCTTCCG; 
reverse: caagcagaagacggcatacgagat[xxxxxxx]GTGACTGGAGTTCA-
GACGTGT, where [xxxxxx] represents the sample index). Finally, samples 
were pooled, gel purified and sequenced using an Illumina NextSeq or 
NovaSeq instrument. Read processing and alignment were performed 
with CutAdapt82 and Bowtie 2 (ref. 83), respectively.

Expression vectors
All cDNAs were cloned into expression vectors via Gateway Cloning 
(Thermo Fisher). ERAP1 (IOH80668) was obtained from the Harvard 
ORFeome v8 collection. CD40 (IOH10427) and CD80 (IOH27312) were 
obtained from the Ultimate ORF LITE Human collection from Thermo 
Fisher. ERAP2 and MHC class I alleles were codon optimized and syn-
thesized as gBlocks with flanking attB sites by Integrated DNA Tech-
nologies. The ‘humanized’ H-2Kb vector was generated by flanking the 
peptide binding domains of H-2Kb, α1 and α2, with the signal sequence 
and α3 domain from HLA-A*02:01. The sequence is as follows, with 
the underlined amino acids taken from HLA-A*02:01: MAVMAPRTLV-
LLLSGALALTQTWAGPHSLRYFVTAVSRPGLGEPRYMEVGYVDDTEFVRFDS-
DAENPRYEPRARWMEQEGPEYWERETQKAKGNEQSFRVDLRTLLGYYNQSK-
GGSHTIQVISGCEVGSDGRLLRGYQQYAYDGCDYIALNEDLKTWTAADMAAL-
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ITKHKWEQAGEAERLRAYLEGTCVEWLRRYLKNGNATLLRTDAPKTHMTH-
HAVSDHEATLRCWALSFYPAEITLTWQRDGEDQTQDTELVETRPAGDGT-
FQKWAAVVVPSGQEQRYTCHVQHEGLPKPLTLRWEPSSQPTIPIVGIIAGLV-
LFGAVITGAVVAAVMWRRKSSDRKGGSYSQAASSDSAQGSDVSLTACKV*. 
Destination vectors all used the EF1α promoter to drive cDNA expres-
sion and contained a selectable marker (BFP, mAmetrine, tdTomato 
or HygroR) driven by the PGK promoter.

Criteria for selection of MHC class I ligands
Each library had slightly varied high-confidence MHC class I ligand hit 
calling based on the number of peptides and reproducibility inherent to 
the library. Generally, the smaller the library, the higher the reproduc-
ibility and the more stringent the hit requirements were.

Random 9-mer screens required reads in at least one of four bins, 
and the log2 (fold change) threshold for both replicates varied by allele 
to try to include roughly the same number peptides as MS. The follow-
ing are the minimum bins required for each allele: HLA-A*02, wild-type 
SPP and HLA-B*08: 1; HLA-A*02 SPP-KO and HLA-B*57 untreated: 2; 
HLA-B*57 abacavir: 4; HLA-A*03: 5.

SARS-CoV-2 library screens required reads in at least three of four 
bins and a log2 (fold change) of >2.5 for both replicates. If only one 
replicate was performed, then bins one and three were treated as one 
replicate, and bins two and four were treated as another for the fold 
change requirement.

For retraining library screens, two tiers of binders were established 
as ‘high threshold’, which were the positives for training, and ‘low 
threshold’, which were excluded from the negative set for training. 
Low-threshold peptides were present in at least two of four bins for 
each replicate and had a log2 (fold change) of >1 for both replicates. 
High-threshold peptides were present in at least two bins of four for 
each replicate and had a log2 (fold change) of >2.5 for both replicates.

S variant library hits required at least a log2 (fold change) of >4 for 
both replicates and a false-discovery rate (FDR) of <0.2, as required by 
Mageck analysis.

Computational prediction of MHC class I ligands
The Keras Python library was used to train machine learning models to 
predict the likelihood of any given 9-mer binding MHC class I. A neural 
network architecture analogous to that developed by Sarkizova and 
colleagues8 was used, with only minor modifications. Four different 
models were trained, each with different encodings of the peptide 
sequence: (1) sparse matrix encoding, (2) similarity encoding using 
the Blosum62 matrix, (3) similarity encoding based on the PMBEC 
matrix84 and (4) an encoding in which each amino acid was represented 
by the first three principal components derived from dimensionality 
reduction based on physiochemical properties85. For each model, a 
single hidden layer of 100 neurons with sigmoid activation was used; 
the outputs of these models were combined in a single output layer to 
generate the final binding prediction.

For each allele, the positive hits were the MHC class I ligands 
identified by EpiScan, while the set of negative decoys comprised all 
other peptides that were identified in the input 9-mer random library 
but that were not found in any of the EpiScan sorting bins. Training 
was performed as previously described8, except that a tenfold excess 
of decoys was used. Predictive power was assessed as recommended8, 
whereby the ability of the model to predict true binders among the 
top 0.1% of the dataset was evaluated in the presence of a 999-fold 
excess of decoy peptides, in which peptides resembling true positives 
were not excluded (PPV metric). The data depicted in Fig. 5a repre-
sent the mean PPV obtained from each of 30 iterations of a fivefold 
cross-validation procedure (blue dots). For comparison, the mean 
PPV metric reported for the equivalent allele-specific MSi model 
for 9-mer peptides (Supplementary Table 5 in ref. 8) is represented 
by the red dots.

ESP is available for public use at www.episcan-predictor.com.

Conservation scoring
SARS-CoV-2 protein sequences were obtained from UniProt and entered 
into the ConSurf Server48,49,86. For S, 3a and 7a RCSB Protein Data Bank 
structures (6VXX, 6XDC and 6W37, respectively) were used. HMMER 
was used as the homolog search algorithm with UniProt as the protein 
database. Automatic homolog selection settings of a 35–95% homolog 
identity were required. The alignment method was MAFFT-L-INS-I with 
a Bayesian calculation method with the default evolutionary substitu-
tion model. ORF10 was excluded due to lack of a sufficient number 
of homologs to perform conservation scoring. To locate epitopes 
in conserved regions, the conservation score was averaged over the 
length of the epitope.

MS
HLA-A*02:01 EpiScan cells bearing the SARS-CoV-2 library were sorted 
in one bin based on surface MHC class I. After recovering from sort-
ing, the cells were expanded, and 200 million cells were collected by 
incubating with Accutase (A6964, Sigma) at room temperature and 
washing twice in PBS. Cells were then snap frozen in liquid nitrogen.

For immunoprecipitation of MHC class I and elution of associ-
ated peptides, the following reagents and buffers were used: pro-
tease inhibitor tablet (Roche Complete Mini, EDTA free, 11836170001), 
W6/32-sepharose (DMP-cross-linked Protein A sepharose at 20 mg ml–

1), Eppendorf Lo-Bind microcentrifuge tubes (Eppendorf, 022431081), 
lysis buffer human class I (0.25% sodium deoxycholate, 200 μM 
iodoacetamide, 1% N-octyl-β-d-thioglucoside, 1 mM EDTA, 25 μg ml–1 
DNase and 1 protease inhibitor tablet per 10 ml of buffer), wash buffer 1 
(lysis buffer with no protease inhibitor), wash buffer 2 (20 mM Tris-HCl 
and 400 mM NaCl, pH 8.0), wash buffer 3 (20 mM Tris-HCl and 150 mM 
NaCl, pH 8.0), wash buffer 4 (20 mM Tris-HCl, pH 8.0) and MHC class I 
elution buffer (0.1 M acetic acid and 0.1% trifluoroacetic acid).

Cell pellets were thawed on ice and lysed at 50 million cells per 
ml of lysis buffer and incubated for 30 min on ice. Insoluble material 
was pelleted at 800g for 5 min. The supernatant was centrifuged at 
20,000g for 30 min at 4 °C. Resin was washed and combined with clari-
fied lysates. Resin was mixed with lysates (normalized by bicinchoninic 
acid assay to lowest protein yield) by gentle rotation at 4 °C overnight. 
The next day, samples were centrifuged at 800g for 5 min at 4 °C. Three 
washes (buffers 1–3) of the resin were performed, which consisted of 
adding 2.5 ml of buffer to resin, vortexing and centrifuging at 800g 
for 5 min at 4 °C and discarding the supernatant. At wash 4, 0.75 ml of 
buffer 4 was added, and the total volume was transferred to Lo-Bind 
tubes. Samples were then centrifuged at 800g for 5 min at 4 °C, and the 
supernatant was discarded. Elution buffer (1 ml) was added to each tube 
and incubated at 37 °C for 5 min. Samples were centrifuged at 800g for 
5 min at 4 °C to elute. Eluates (supernatant) were collected into new 
Lo-Bind Eppendorf tubes and stored at −80 °C until transfer to MSB. 
Eluates were submitted for liquid chromatography tandem MS (LC–MS/
MS) analysis, and PRE and POST samples were tested by enzyme-linked 
immunosorbent assay. Peptides were desalted and concentrated using 
a Waters HLB solid-phase extraction plate.

Half of each enriched sample was analyzed by nano LC–MS/MS 
using a Waters M-Class HPLC system interfaced to a Thermo Fisher 
Fusion Lumos mass spectrometer. Peptides were loaded on a trapping 
column and eluted over a 75-μm analytical column at 350 nl min–1; 
both columns were packed with Luna C18 resin (Phenomenex). A 2-h 
gradient was used. The mass spectrometer was operated using a cus-
tom data-dependent method, with MS performed in the Orbitrap at 
60,000 full-width at half-maximum resolution and sequential MS/
MS performed using high-resolution CID and EThcD in the Orbitrap 
at 15,000 full-width at half-maximum resolution. All MS data were 
acquired from m/z 300 to 800. A 3-s cycle time was used for all steps.

Data were searched using a local copy of PEAKS (Bioinformatics 
Solutions) with the following parameters: enzyme, none; database, 
SwissProt Human appended with the protein sequences of SARS-CoV-2 
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available as of 6 February 2020 from NCBI; fixed modification: carbami-
domethylation (C); variable modifications: oxidation (M), deamidation 
(N,Q) and acetyl (protein N-term); mass values: monoisotopic peptide 
mass tolerance: 10 ppm; fragment mass tolerance: 0.02 Da; PSM FDR: 
1% PEAKS output was further processed using Microsoft Excel. Con-
taminant peptides such as albumin, keratin and poly-proline peptides, 
such as HPPPPPPPP, were eliminated from the count of 9- to 11-mers 
used for MS-EpiScan comparison analysis

Cell lysis, peptide elution, MS and data analysis were performed 
by MS Bioworks.

Tetramer generation and staining of human samples
The HLA-A*02:01 leucine- versus valine-ended peptides (NLVPMVAT_, 
GLCPIISF_ and WLIGFDFD_) were synthesized by Genscript and loaded 
onto APC QuickSwitch Quant HLA-A*02:01 tetramers (MBL Interna-
tional) such that the final concentrations of peptide were 20, 10, 5 and 
2.5 μM. Peptide exchange was quantified by the absence of exiting 
peptide antibody signal, as indicated by the manufacturer.

The following peptides were synthesized by New England Peptide: 
SLPGVFCGV, NLIDSYFVV, VMAYITGGVV, TLIGDCATV, VLYQDVNCTEV, 
VMVELVAEL, YIDIGNYTV, VMAYITGGV, AMDEFIERYKL, TLATHGLAAV 
and YLFDESGEFKL. Peptides were loaded at 10 mg ml–1, and exchange 
was quantified onto the QuickSwitch Quant HLA-A*02:01 tetramers (PE 
and/or APC labeled; MBL International) according to manufacturer’s 
instructions. Tetramers were used for staining at a final concentration 
of 10 μg ml–1. Where specified, cells were additionally stained at 1:100 
with Brilliant Violet 421-conjugated anti-CD3 (BioLegend, 300434) and 
Alexa Fluor 647-conjugated anti-CD8 (BioLegend, 344726).

Gene set enrichment analysis
EpiScan data for all alleles with at least 40 high-confidence hits were 
ranked via MageckScore to serve as the input for GSEAPreranked. ‘Gene’ 
sets were generated from peptides that had been shown to generate 
responses in CD8+ T cells from COVID-19 convalescent datasets41,52–54. 
Sets with fewer than seven peptides were excluded, and all other default 
settings were preserved.

Graph generation
All dot plots or bar graphs were created using either GraphPad Prism 
9 or the Python Seaborn library. Unless otherwise noted, data are 
represented as mean ± s.e.m. of the fold change in mean fluorescence 
intensity (MFI) relative to the average of the negative controls for 
that experiment. Each dot represents a different biological replicate. 
Scatter plots were created using Spotfire 6.5.1 and Spotfire 10 (TIBCO). 
For computing differences in S variant wild-type and mutant peptide 
log2 (fold change), peptides with negative values were set to zero before 
calculating the difference.

Logo plot generation
Logo plots were generated with Seq2Logo87. Logo plots were of type 
Kullback–Leibler (-I 1), with Hobohm clustering (-C 2) and no weight 
on prior (-b 0). To account for the difference in amino acid frequen-
cies between the 9-mer randomer library and the human proteome, 
for plots describing EpiScan data, a custom (–bg argument) PSFM 
was used, and for plots based on MS data, a PSFM based on the human 
proteome was used. The EpiScan PSFM was generated using the amino 
acid frequency present in the input library of random 9-mers.

Allele specificity correlation
For each allele for each methodology, the frequency of every amino 
acid at each of nine positions was calculated to create a 9 × 20 PSFM. 
The random 9-mer PSFMs were then normalized according to the 
differences in background amino acid representation between the 
randomer library and the human proteome. The PSFMs were flattened 
into a one-dimensional array, and pairwise Pearson calculations for all 

EpiScan and MS amino acid frequencies were computed using numpy.
corrcoef.

Correlation analysis between EpiScan screen replicates
All screens with at least two replicates were compared by Pearson and 
Spearman correlation analysis after eliminating peptides that did not 
have at least a fold change greater than or equal to 1 for each replicate. 
For screens with more than two replicates, correlation coefficients 
were conducted for each pairwise combination and then averaged. The 
results of this analysis are shown in Supplementary Table 11.

Correlation analysis between IEDB datasets
Spearman correlation coefficients were calculated between all 
HLA-A*02:01 and HLA-A*03:01 IEDB datasets for which there were at 
least 10 peptides in common after duplicate IEDB binding affinity val-
ues were averaged. Any dataset with distinct method name and assay 
group pairings were treated as different datasets. The results of this 
analysis are shown in Supplementary Table 1.

EpiScan performance assessment via IEDB
All retraining screen peptides were first filtered with the requirement 
that there was fold change relative to input of one or more in both rep-
licates. Those peptides were then cross-referenced to all IEDB 9-mer 
peptides. Duplicate IEDB binding affinity values were averaged. Data-
sets with fewer than 19 peptides and/or no negative peptides after 
averaging were eliminated. EpiScan hits were called positive above 
the fold change threshold for which there was the greatest difference 
between true-positive rate and false-positive rate. The PPV was then 
calculated by dividing the number of true positives by the total number 
of IEDB ‘QualitativeMeasure’ positives. The results of this analysis are 
shown in Fig. 5c and Supplementary Table 9.

Algorithm performance assessments
Each algorithm (NetMHC4.0 (ref. 56), netMHCpan4.1 (ref. 88), MHCFlurry 
2.0 (ref. 89), mixMHCpred2.1 (ref. 90) and ESPv2) was run on the whole 
human proteome and all available peptides in IEDB21 with binding 
affinity data as of 4 April 2022. For performance assessment accord-
ing to EpiScan (Fig. 5e), the top 50,000 peptides, or 0.48% of the top 
peptides of the 9-mer proteome, according to percent rank or affinity 
percentile for MHCFlurry were selected for each algorithm and then 
cross-referenced to the peptides that were screened in the EpiScan 
retraining libraries (MHCFlurry-HLA-B*08 had the least with 31,624 
peptides available for comparison). Then, in 49 equal steps through 
the top peptides to the lowest, we asked of the peptides included in 
that step how many were called hits by EpiScan to get that segment’s 
PPV. The sum of each step was divided by 49 to arrive at the PPV area 
under the curve (AUC). For Fig. 5f, This same procedure using the top 
0.48% of algorithm predictions by percent rank or affinity percentile 
was used to generate IEDB PPV AUC values, with the IEDB ‘Qualitative-
Measure’ serving as the standard. IEDB peptide sets with fewer than 29 
peptides were eliminated. We also eliminated IEDB datasets where it 
was indicated that abacavir may have been used.

Quantification and statistical analysis
Unless otherwise noted in the figure legends, each dot represents 
a biological replicate, and significance for all dot plots was meas-
ured by one-way analysis of variance (ANOVA) with a Dunnett’s 
multiple-comparison test with *P < 0.05, **P < 0.01, ***P < 0.001 or 
****P < 0.0001 for each group relative to the negative-control con-
ditions. Additionally, unless otherwise noted, data are represented 
as mean ± s.e.m. of the fold change in MFI relative to the average of 
the negative controls for that experiment. This was performed using 
GraphPad Prism 9. A Fisher’s exact test was performed with fishert-
est using MATLAB R2021a. Mageck 0.5.8 was used to assign P values 
to peptides in EpiScan screens whereby different codon usage for a 
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peptide was treated as sgRNAs and amino acid sequence as the genes91. 
Where unclear from the number of dots, sample numbers are also 
found in the figure legends. All statistical tests for bar or dot plots 
were non-parametric. All comparisons of amino acid frequency using 
datasets of varying background amino acid frequency (such as MS 
versus EpiScan random 9-mer) were normalized to their respective 
background frequency. No blinding, randomization or sample size or 
power calculations were performed.

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

Data availability
Plasmids and cell lines generated in this study are available upon rea-
sonable request and are subject to a Materials Transfer Agreement 
from the lead contact. The databases used were the NCBI SARS-CoV-2 
data hub (https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/), GISAID 
(https://gisaid.org/), SwissProt Human (https://www.uniprot.org/
proteomes/UP000005640) and IEDB (https://www.iedb.org/; also 
Source Data 1). The MS proteomics data have been deposited to the 
ProteomeXchange Consortium (http://proteomecentral.proteomex-
change.org) via the PRIDE partner repository92 with the dataset identi-
fier PXD036939. Source data are provided with this paper.

Code availability
Custom Python script to generate and evaluate models to predict MHC 
class I ligands is available in the Supplementary Information. EpiScan bind-
ing predictions can be generated via the web interface available at https://
www.episcan-predictor.com. A dockerized version of EpiScan Predictor 
is also available on the website. Source data are provided with this paper.
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Extended Data Fig. 1 | Generation and validation of EpiScan cells. (a) 
Histograms depicting the relative amounts of surface MHC-I, as determined by 
B2M staining, between parental 293T cells and the HLA-I KO clone. (b) Histogram 
depicting the relative amounts of surface MHC-I comparing parental HEK-293T 
cells, the TAP1/2 knockout clone and cells expressing the BoHV-1 UL49.5 gene, 
which inhibits the TAP complex93. (c) Immunoblot validation of CRISPR-Cas9 
mediated knockout of ERAP1; GAPDH was used as a loading control. This blot was 
conducted once. (d) Sanger sequencing of the ERAP2 locus targeted by CRISPR-
Cas9. The locus was amplified by PCR and the products cloned into ZeroBlunt 
TOPO vectors and Sanger sequenced. ERAP2 KO clone 6 exhibited a 221 bp 
deletion in all 11 sequenced clones. (e) Testing signal peptides for the delivery 
of exogenous peptides to the ER. HEK-293T cells lacking TAP1/2 were infected 
with vectors expressing the indicated peptides fused to the following signal 

peptides: Env, signal peptide from the gp70 gene of mouse mammary tumor 
virus94; mmIgK, modified murine Kappa Immunoglobulin signal peptide95; and 
Azuro, signal peptide from the human Azurocidin preproprotein95. Sequences 
highlighted in green indicate positive controls, while sequences highlighted 
in red indicate negative controls. Data are represented as mean ± SEM of the 
fold change in mean fluorescence intensity (MFI) relative to the average of the 
negative controls for that experiment. Each dot represents a different biological 
replicate. N = 13 for the four leftmost and n = 3 for the rest. ****p < 0.0001 for each 
group relative to RFP by one-way ANOVA with Dunnett’s multiple-comparison 
test. (f) Sanger sequencing of the HM13 locus targeted by CRISPR-Cas9. The locus 
was amplified by PCR and the products cloned into ZeroBlunt TOPO vectors and 
Sanger sequenced. This clone exhibited a 1 bp deletion in all 15 sequenced clones.
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Extended Data Fig. 2 | Validation of the EpiScan approach. (a) Peptide pulsing 
experiments in TAP-deficient cells expressing H2-Kb (left) or a humanized version 
of the murine H2-Kb wherein the B2M interacting domain was replaced with 
the human equivalent (right); a pan-H2 antibody was used for flow cytometry. 
Cells were plated into serum-free media and treated with the indicated peptides 
at the indicated concentration for 24 h and then subjected to flow cytometry 
to measure cell surface MHC-I levels. N = 3 biological replicates. (b-c) EpiScan 
SPP-KO or SPP-sufficient cells expressing either HLA-A*02 (b) or HLA-A*03 (c), 
respectively, were transduced with the EpiScan vector expressing the indicated 
peptides and cell surface MHC-I levels were measured by flow cytometry. N = 9 
for A*02 and n = 3 for A*03. (d-f ) Peptide pulsing experiments in TAP-deficient 
cells expressing the indicated alleles. (d) HLA-A*02-expressing cell lines were 

stained with A2 antibody. T2 cells endogenously express HLA-A*02 and are 
TAP1/2 deficient. UL49.5 is a viral gene whose product inhibits TAP1/2. (e) C1R 
cells are MHC-I deficient and TAP1/2 was knocked out. The indicated HLA-A*03-
expressing cell lines were stained with a pan-HLA-I antibody. (f ) The indicated 
HLA-A*03-expressing cell lines were stained with B2M antibody. For all panels, 
data are represented as mean ± SEM of the fold change in mean fluorescence 
intensity (MFI) relative to the average of the vehicle controls. *p < 0.05, **p < 0.01, 
***p<0.001, ****p < 0.0001 for each group relative to vehicle control by one-way 
ANOVA with Dunnett’s multiple-comparison test. Each dot represents a different 
biological replicate for all panels. Unless otherwise stated, MHC-I null cells were 
used and then the indicated allele was re-introduced via lentiviral transduction.

http://www.nature.com/naturebiotechnology


Nature Biotechnology

Article https://doi.org/10.1038/s41587-022-01566-x

Extended Data Fig. 3 | EpiScan optimization. (a-c) Examining the role of ERAP1 
and ERAP2 in the processing of exogenous peptides delivered to the ER. EpiScan 
SPP WT cells, with or without exogenous ERAP1/2 complementation, expressing 
the indicated MHC-I alleles and EpiScan vectors expressing the indicated 
peptides and MHC-I levels assessed by flow cytometry using the indicated 
antibodies. Data are biological replicates, mean±SEM of the fold change (FC) in 
mean fluorescence intensity (MFI) relative to the average of negative control (NC) 
peptides, PRKLPKLGP and RDGCK. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001 
for each group relative to RDGCK by one-way ANOVA with Dunnett’s test. (a) 
ERAP1/2 KO n=5, ERAP1 n=4, and ERAP2, ERAP1/2 n=3. (b) ERAP1/2 KO, ERAP1 n=6, 
and ERAP2 cDNA, ERAP1/2 n=3. For (c), n=7 for ERAP1/2 KO except for SIINFEKL 
and SLLNATAIAV which were n=15 and NLVPMVATC n=12, n=4 for ERAP1, ERAP2 
and ERAP1/2. (d-f) EpiScan signal-to-noise with chaperone over-expression. 
Surface MHC-I flow cytometry of EpiScan SPP KO HLA-A*02 cells expressing 
SIINFEKL (d), SLLNATAIAV (e) and other peptides (f). (f) Data are biological 

replicates, mean±SEM of the FC in MFI relative to the average of NC peptides. 
For deadTAP1/2 and no cDNA n=6. For TAPBP and TAPBPR, n=10, except for 
NLVPMVATV and SLLNATAIAV n=6 and ELAGIGILTV n=14. **p<0.01, ****p<0.0001 
by two-way ANOVA for the no cDNA cells relative to other conditions. Symbols 
indicate the highest p-value for the comparisons within a peptide. (g and h) 
Signal peptidase cleavage accuracy. (g) Schematic of potential signal peptidase 
cleavage events. (h) Flow cytometry for surface MHC-I was performed on EpiScan 
SPP KO HLA-A*02 cells expressing peptides as shown, with an additional glycine, 
or without the initial glycine. Data are biological replicates, n =6, mean±SEM of 
the FC in MFI relative to the NC peptide average. *p<0.05, **p<0.01, ***p<0.001, 
****p<0.0001 by two-way ANOVA for the wild-type 9-mer peptides relative to 
either (-G) or (+G) peptides. (i) EpiScan A*03:01 compared to IEDB stability data, 
and Spearman correlation. Data are mean±SEM of the FC in MFI relative to the NC 
peptide average, n=3. Below, the average absolute correlation of the data shown 
relative to other IEDB datasets with the same peptides.
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Extended Data Fig. 4 | Digital droplet PCR, EpiScan sorting schematics and 
shared allele peptide validation. (a) Digital droplet PCR of EpiScan gDNA input 
libraries quantifying the average copy number of EpiScan vectors per cell. Data 
are represented as mean ± SEM puromycin resistance gene positive droplet 
number normalized relative to the positive drop number for a control genomic 
sequence, RPP30. N = 3 of technical replicates. (b-j) Sorting strategy for the 
random 9-mer EpiScan screens and HLA-B*57:01 abacavir comparison. EpiScan 
cells were infected with lentiviral vectors expressing the random 9-mer library 
and GFP, selected with puromycin and sorted into four bins. After five days in 
culture, the sorted cells were stained and analyzed by flow cytometry to assess 
enrichment elevated cell surface MHC-I. (b) First, cells are gated away from 
debris. (c) Doublets are excluded. (d) Dead cells (propidium iodide positive) are 
excluded. (e) Cells expressing the EpiScan vector (GFP positive) are selected. 

The alleles assayed were (f ) HLA-A*02:01, (g) HLA-B*08:01, (h) HLA-A*03:01, (i) 
HLA-B*57:01 and ( j) HLA-B*57:01 after 48 h abacavir treatment at 6 μM. Except for 
the HLA-B*57:01 screen in the presence of abacavir, all screens were performed in 
duplicate. (k and l) Logoplots summarize the composition of the peptide ligands 
identified in HLA-B*57:01-expressing cells, either untreated ( j) or treated with 
abacavir for 48 h (k). (m) Cell sorting results for HLA-A*02:01 with SPP KO. (n) 
EpiScan validation of peptides that were found to be binders to multiple alleles 
via screens. Bar colors indicate which alleles was tested, and peptide text colors 
represent which screening library the hit was derived from. Data are represented 
as mean ± SEM of the fold change in mean fluorescence intensity (MFI) relative 
to the average of negative control peptides. Each dot represents a different 
biological replicate.
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Extended Data Fig. 5 | See next page for caption.
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Extended Data Fig. 5 | EpiScan systematic differences in amino acid 
representation of MHC-I ligands relative to mass spectrometry. (a-d) The bar 
graphs on the left show the fold difference in amino acid representation across 
all positions and residues for the indicated allele. The bar graphs in the middle 
and left represent the fold enrichment of cysteine (middle) and proline (right) 
across each position of MHC-I peptide ligands, relative to the expected frequency 

based on the overall abundance of cysteine in the random 9-mer library (EpiScan 
data) or the human proteome (MS data). The MHC-I alleles assayed were (a) 
HLA-A*02:01, (b) HLA-A*03:01, (c) HLA-B*08:01 and (d) HLA-B*57:01. (e) Peptide 
tetramer exchange assays on L- versus V-ended 9mer peptides with HLA-A*02:01. 
Data are from three technical replicates represented as mean ± SEM and curves fit 
by four parameter nonlinear regression.
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Extended Data Fig. 6 | Validation of MHC-I ligands expressed by SARS-CoV-2. 
(a) SARS-CoV-2 EpiScan SPP-KO screen results for HLA-A*02:01. Scatterplot 
showing HLA-A*02 peptide ligands concordantly identified across screen 
replicates. (b) Individual validation of HLA-A*02:01 screen hits in the EpiScan 
assay. HLA-A*02:01-expressing EpiScan cells were transduced with lentiviral 
EpiScan vectors expressing the indicated peptides were introduced into HLA-
A*02:01-expressing EpiScan cells and cell surface MHC-I levels were measured by 
flow cytometry. Data are represented as mean ± SEM of the fold change in mean 
fluorescence intensity (MFI) relative to the average of negative control peptides. 
Each dot represents a different biological replicate, with n = 6 for the controls and 
n = 4 for the rest **p = 0.002, ***p = 0.0003, ****p < 0.0001 for each group relative 
to the SIINFEKL peptide by one-way ANOVA with Dunnett’s multiple-comparison 
test. (c) SARS-CoV-2 EpiScan screen results for HLA-A*02:01. Scatterplot 
showing HLA-A*024:02 peptide ligands concordantly identified across screen 
replicates. (d) Individual validation of HLA-A*24:02 screen hits in the EpiScan 
assay. Lentiviral vectors expressing the indicated peptides were introduced into 

HLA-A*24:02-expressing EpiScan cells and an increase in cell surface MHC-I was 
measured by flow cytometry. Data are represented as mean ± SEM of the fold 
change in mean fluorescence intensity (MFI) relative to the average of negative 
control peptides. Each dot represents a different biological replicate, with n = 
7 for VYMPASWVMR, QFAPSASAFF and YFIASFRLF and n = 8 for the rest. ****p < 
0.0001 for each group relative to the SIINFEKL peptide by one-way ANOVA with 
Dunnett’s multiple-comparison test. (e) Individual validation of HLA-A*03:01 
screen hits with less common anchor residues in the EpiScan assay. Lentiviral 
vectors expressing the indicated peptides were introduced into HLA-A*03:01-
expressing EpiScan cells and an increase in cell surface MHC-I was measured by 
flow cytometry. Data are represented as mean ± SEM of the fold change in mean 
fluorescence intensity (MFI) relative to the average of negative control peptides. 
Each dot represents a different biological replicate for n = 3. *p < 0.05, **p < 0.01, 
for each group relative to the negative control peptides by one-way ANOVA with 
Dunnett’s multiple-comparison test.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | EpiScan of SARS-CoV-2 Spike variants and tetramer 
staining. (a) SARS-CoV-2 Spike Variant EpiScan screen results for HLA-A*02:01. 
Scatterplot showing the difference between wildtype and mutant in EpiScan 
enrichment for SARS-CoV-2 Spike peptides. Negative log2(fold change) values 
were set to zero prior to subtraction, and peptide pairs with no difference in 
log2(fold change) are omitted. Orange circles represent peptides that contain a 
mutation present in a variant of concern. Circles are grayed out for the peptide 
pairs in which neither constituent was below the FDR threshold of 0.20. (b) 
Individual validation of HLA-A*02:01 Spike screen hits in the EpiScan assay. Data 
are represented as mean ± SEM of the fold change in mean fluorescence intensity 
(MFI) relative to the average of negative control peptides in red. Spike peptides 
are arranged from top to bottom by relative screen rank, with peptides on the top 

ranked higher by Mageck as shown on the right. Each dot represents a different 
biological replicate, with n = 19 for SLLNATAIAV and NLVPMVATV, n = 15 for 
SIINFEKL, n = 10 for FQFCNDPFLGV and KLNDLCFTNV, n = 4 for VLYQDVNCTEV, 
YQDVNCTEV, YLQPRTFLL and KIADYNYKL, and n = 6 for the rest. **p < 0.01, ***p < 
0.001, ****p < 0.0001 for each group relative to the SIINFEKL peptide by one-way 
ANOVA with Dunnett’s multiple-comparison test. (c) Tetramer staining of CD8 
memory T cells. Dot plot values are the percent HLA-A*02:01 tetramer positive 
CD8+ T cells for convalescent COVID-19 samples (black solid or empty circle, n 
= 7) and healthy control samples (red, n = 4). On left, SARS-CoV-2 peptides are 
shown. On the right, ELAGIGILTV and NLPMVATV are positive control peptides 
derived from MLANA and CMV pp65 proteins, respectively. Dots on the y-axis are 
zero values that would otherwise not be displayed on a log2 axis.
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Extended Data Fig. 8 | SARS-CoV-2 EpiScan screen results are enriched for T 
cell epitopes. Here, representative EpiScan GSEA plots of previously published 
SARS-CoV-2 T cell epitope sets are shown. For most of the EpiScan alleles, more 

than one peptide set from the same allele scored as significant, but only one is 
shown for demonstration purposes. Full GSEA statistical output from the top five 
enriched sets of each EpiScan allele are shown in Supplementary Table 6.
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Extended Data Fig. 9 | Examination of biased-anchor peptide ligands. (a) 
Schematic representation of the library design used to examine biased-anchor 
peptide ligands. The favored residues at each anchor position are shown for 
the indicated MHC-I allele; peptides selected for characterization by EpiScan 
contained a favored residue at one of the critical anchor positions but an 
unfavored residue at the other. (b) Evaluation of biased-anchor binders by 
EpiScan. The percent of binders for the given fixed residues at each anchor 
position are shown. (c) Logoplots summarize the sequences of the MHC-I ligands 
identified by EpiScan for HLA-A*02:01 where the ninth position has been fixed 
with either leucine or valine and isoleucine, leucine, methionine and valine are 
excluded from the second position. (d) Statistical analysis of the residues at the 

fourth position of biased-anchor HLA-A*02:01 ligands identified by EpiScan 
that ended with either L or V. A positive percent difference indicates a larger 
fraction of that amino acid occurred in L-ended peptides relative to V-ended 
peptides. P-values were determined by a two-tailed Fisher’s exact test, comparing 
amino acids at the fourth position across the two conditions (only those seen at 
least seven times are shown). (e to h) Logoplots summarizing the composition 
of biased-anchor MHC-I ligands identified by EpiScan, wherein one anchor 
position contains a favored residue but the other anchor position does not: (c) 
HLA-A*02:01, with positions 2 and 9 as anchors, (d) HLA-A*03:01, with positions 
2 and 9 as anchors, (e) HLA-B*08:01, with positions 5 and 9 as anchors, and (f) 
HLA-B*57:01, with positions 2 and 9 as anchors.
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Extended Data Fig. 10 | Evaluating the performance of the indicated 
algorithms by EpiScan. These algorithms were used to predict the top 50,000 
binders for each allele from the human (9-mer) proteome, and EpiScan screens 
were used to evaluate the accuracy of these predictions. Not all 50,000 top 
binders for MHCFlurry, NetMHCpan-BA and MixMHCpred were present in 

the library and so the overlap between each algorithm’s top 50,000 and those 
present were used. Overlap for each algorithm/allele: MHCFlurry: A2 – 43973 A3 – 
44218 B8 – 35212 B57 – 43746 mixMHCpred: A2 – 31605 A3 – 35217 B8 – 31624 B57 
– 40400 NetMHCpan: A2 – 40711 A3 – 42199 B8 – 36766 B57 – 44541.
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were used for staining at a final concentration of 10 g/ml in PBS.  After staining, cells were washed in PBS prior to analysis.

Instrument Sorting was performed on a Sony MA900 instrument.  Analysis was performed on an LSR2 (BD).

Software Data was collected with FACSDiva (BD) and analysis was performed using FlowJo v10.6.1 (BD).

Cell population abundance The purity of post-sort samples was determined by culturing the cells and staining and analyzing on a flow cytometer.  The 
abundance varied for each sort. 
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