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Abstract

The massive assessment of immune evasion due to viral mutations that increase COVID-19

susceptibility can be computationally facilitated. The adaptive cytotoxic T response is critical

during primary infection and the generation of long-term protection. Here, potential HLA

class I epitopes in the SARS-CoV-2 proteome were predicted for 2,915 human alleles of 71

families using the netMHCIpan EL algorithm. Allele families showed extreme epitopic differ-

ences, underscoring genetic variability of protective capacity between humans. Up to 1,222

epitopes were associated with any of the twelve supertypes, that is, allele clusters covering

90% population. Next, from all mutations identified in ~118,000 viral NCBI isolates, those

causing significant epitope score reduction were considered epitope escape mutations.

These mutations mainly involved non-conservative substitutions at the second and C-termi-

nal position of the ligand core, or total ligand removal by large recurrent deletions. Escape

mutations affected 47% of supertype epitopes, which in 21% of cases concerned isolates

from two or more sub-continental areas. Some of these changes were coupled, but never

surpassed 15% of evaded epitopes for the same supertype in the same isolate, except for

B27. In contrast to most supertypes, eight allele families mostly contained alleles with few

SARS-CoV-2 ligands. Isolates harboring cytotoxic escape mutations for these families co-

existed geographically within sub-Saharan and Asian populations enriched in these alleles

according to the Allele Frequency Net Database. Collectively, our findings indicate that

escape mutation events have already occurred for half of HLA class I supertype epitopes.

However, it is presently unlikely that, overall, it poses a threat to the global population. In

contrast, single and double mutations for susceptible alleles may be associated with viral

selective pressure and alarming local outbreaks. The integration of genomic, geographical

and immunoinformatic information eases the surveillance of variants potentially affecting

the global population, as well as minority subpopulations.
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Citation: Foix A, López D, Dı́ez-Fuertes F,

McConnell MJ, Martı́n-Galiano AJ (2022) Predicted

impact of the viral mutational landscape on the

cytotoxic response against SARS-CoV-2. PLoS

Comput Biol 18(2): e1009726. https://doi.org/

10.1371/journal.pcbi.1009726

Editor: Roger Dimitri Kouyos, University of Zurich,

SWITZERLAND

Received: May 28, 2021

Accepted: December 6, 2021

Published: February 10, 2022

Copyright: © 2022 Foix et al. This is an open

access article distributed under the terms of the

Creative Commons Attribution License, which

permits unrestricted use, distribution, and

reproduction in any medium, provided the original

author and source are credited.

Data Availability Statement: All relevant data are

within the manuscript and its Supporting

Information files.

Funding: This research was supported by Acción

Estratégica en Salud from the ISCIII (https://www.

isciii.es), grants MPY 380/18 (to MJM), 388/18 (to

DL) and 509/19 (to AJM-G). AJM-G is the recipient

of a Miguel Servet contract by the ISCIII. The

funders had no role in study design, data collection

and analysis, decision to publish, or preparation of

the manuscript.

https://orcid.org/0000-0001-5544-0538
https://orcid.org/0000-0003-0268-5878
https://orcid.org/0000-0003-2413-9229
https://orcid.org/0000-0002-6662-329X
https://doi.org/10.1371/journal.pcbi.1009726
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1009726&domain=pdf&date_stamp=2022-02-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1009726&domain=pdf&date_stamp=2022-02-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1009726&domain=pdf&date_stamp=2022-02-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1009726&domain=pdf&date_stamp=2022-02-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1009726&domain=pdf&date_stamp=2022-02-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1009726&domain=pdf&date_stamp=2022-02-10
https://doi.org/10.1371/journal.pcbi.1009726
https://doi.org/10.1371/journal.pcbi.1009726
http://creativecommons.org/licenses/by/4.0/
https://www.isciii.es
https://www.isciii.es


Author summary

The cytotoxic T cell response, a type of immune response dependent upon an individual’s

genetics that does not require antibodies, is critical for neutralizing SARS-CoV-2 infec-

tion. The potential bypass of the cytotoxic T cell response by mutations acquired by the

virus after one year of the pandemic is therefore of maximal concern. We have

approached the complexity of human variability and more than 100,000 viral genomes in

this respect using a computational strategy. We have detected numerous mutations in

these genomes that mask some viral regions involved in the cytotoxic response. However,

the accumulation of these changes in independent isolates is still too low to threaten the

global human population. In contrast, our protocol has identified mutations that may be

relevant for specific populations and minorities with cytotoxic genetic backgrounds sus-

ceptible to SARS-CoV-2 infection. Some viral variants co-existed in the same country

with these human communities, which warrants deeper surveillance in these cases to pre-

vent local outbreaks. Our study supports the integration of massive data of different

natures in the surveillance of viral pandemics.

Introduction

Mutations in the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) leading to

increased susceptibility are of extreme concern. Given the slow pace of vaccination in some

geographic regions, enhanced primary infection by strains that evade immune detection might

worsen the significant health and socioeconomic burden caused by the COVID-19 pandemic.

Long term protection from viral infection relies on a competent adaptive response. Adap-

tive protection includes the coordinated activation and memory of three adaptive response

compartments. These branches consist of the humoral response, driven by antibodies synthe-

sized by B cells, and the two types of cellular responses, driven by CD8+ and CD4+ lympho-

cytes that recognize viral peptides bound to human leukocyte antigen (HLA) class I and II

molecules, respectively [1]. CD8+, or cytotoxic, T lymphocytes directly kill SARS-CoV-2

infected cells through the secretion of pore-forming proteases and the induction of pro-

grammed cell death [2]. An effective cellular response is associated with prompt and efficient

protection during primary and successive SARS infections [3–5]. Moreover, the cellular

response is long-lasting [6] and elicits immunoprotective memory [7,8].

SARS-CoV-2 isolates have a genome of ~30Kb containing eleven open reading frames

(ORFs). These ORFs code for four virion structural proteins (E, M, N and S), six accessory pro-

teins (ORF3a, ORF6, ORF7a, ORF7b, ORF8 and ORF10) and a long polyprotein (ORF1ab)

that is further processed into several independent polypeptides [9]. In contrast to the humoral

protection, all viral proteins are susceptible to be involved as antigens in the cytotoxic

response.

Naïve cytotoxic lymphocytes are stimulated through the presentation of specific proteo-

lyzed fragments of antigens, or epitopes, bound to HLA class I molecules in the membrane of

infected cells. Some peptides of approximately nine residues are generated by cleavage of intra-

cellular pathogen proteins and bound in the endoplasmic reticulum to the apical antigenic

groove of the monomeric chain of HLA class I. Once in the membrane, these ligands can be

recognized by the T-cell receptor of CD8+ lymphocytes that start the maturation process. After

activation and division of a sufficient subsets of mature CD8+ T cells, the subject may be pro-

tected against the particular virus as SARS-CoV-2 at a cellular level [2].
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How host genetic factors influence the disease is still largely unknown. In this respect, the

adaptive cellular response is strongly influenced by host genetics. Notably, HLA class I genes

are among the most multiple and variable genes in humans. The HLA class I system consists of

three loci for which over 17,000 alleles have been reported [10]. These alleles are further

grouped into phylogenetic families and, some of them, into supertypes that shared comparable

ligands [11]. Overall, this huge allelic diversity provides the human species with an enormous

capacity to detect different antigens from virtually any pathogen.

HLA class I epitope pool screenings with SARS-CoV-2 sequences have been carried out for

specific countries [12–14]. This kind of experimental information is stored in repositories like

the Immune Epitope Database and Analysis Resource (IEDB) [15], which allows for the global

analysis of potential mutation-evasion events. Certain HLA alleles have been associated with

permissiveness to SARS-CoV-2 infection, such as B�44 and C�01 families in Italy [16], and

B�15:27 and C�07:29 in China [17]. However, these data still do not evenly represent genetic

differences in susceptibility at the global population level. Since analyzing thousands of HLA

alleles is experimentally unrealistic [18], the confines of the human SARS-CoV-2 cytotoxic

ligandome can be explored by bona fide computation approaches in a neutral manner. For

instance, Nguyen et al. identified HLA-B�46:01 as the less efficient allele for presenting SARS-

CoV-2 epitopes among 145 alleles by using an immunoinformatic approach [19].

Widespread infection with SARS-CoV-2 at the global level provides the virus with great

opportunity to explore the mutational space. Some of these changes may be selected based on

immunological evasive advantages. In this respect, how the genetic variability of the virus can

affect individuals carrying different HLA class I alleles is currently unknown. Viral mutations

that dramatically decrease binding affinity of epitopes to HLA class I molecules can act as

escape mutants and alter the cellular immunity, with important implications for clinical evolu-

tion of the infection [20]. How many and which mutations an isolate must acquire in order to

evade the adaptive cytotoxic responses of the general population remains an open question.

Such emerging capacity to bypass the cytotoxic response would presumably not follow a cate-

gorical binary pattern but a gradient dependant on underlying individual genetics.

The goal of this study is two-fold. First, we have interrogated how SARS-CoV-2 mutations

can affect predicted HLA class I binding at the global population level, and second, how exist-

ing mutations influence the response of specific sub-populations that harbor alleles with few

SARS-CoV-2 epitopes. For that, we have taken advantage of the strength of computational

methods to design a protocol that generates and operates on formatted data. This allowed us

to conduct an exhaustive analysis that involved over 2,900 human HLA class I alleles and

~118,000 viral genomes. The knowledge acquired here may help to understand the current sta-

tus of the human cytotoxic defense in the context of the pandemic and to promptly identify

emerging strains that require close monitoring.

Results

Predicted vs validated SARS-CoV-2 HLA class I epitopes

To obtain a more complete insight of the cellular cytotoxic response to SARS-CoV-2, HLA

class I epitopes from the SARS-CoV-2 reference proteome were predicted by the universal

netMHCpan 4.1 EL algorithm [21]. These included all medium-strong peptide binders for

2,915 human alleles grouped into 71 families of the HLA-A (21 families, 886 alleles), HLA-B

(36 families, 1412 alleles), HLA-C (14 families, 617 alleles) loci available in this software. The

predicted full SARS-CoV-2 ligandome for HLA class I reached 5,224 independent epitopes.

This epitope dataset was utilized for further mutational analyses below (Fig 1).
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Data complexity reduction by clustering alleles into families can cause some information

loss. However, the degree of intra-family coherence, that is, the percentage of matching epi-

topes between two alleles of the same family with respect to the total predicted by both alleles,

reached 61.3 ± 19.2% (mean ± SD). In contrast, the inter-family coherence, that is, the average

matching epitopes after all-against-all family comparison, was only 3.0 ± 1.6%. This supports

that, despite the existence of intra-family differences, the allele family cluster stratum is accept-

able for a global view of HLA epitopes.

Families showed a drastic difference in the number of predicted epitopes (Fig 2A). Globally,

families of A and C loci showed higher values than B loci families. In particular, A�01, A�23,

A�24, C�12 and C�14 families surpassed 300 epitopes on average, whereas B�46, B�82 and

B�83 were below five. Twenty-six alleles, several from the B�46 family, were not associated

with any predicted epitope. These computational predictions are in line with antecedent obser-

vations concerning great differences between HLA class I alleles in the response to the SARS-

CoV-2 reference strain [17,19]. Some families were linked to exclusive epitope pools but others

shared overlapping SARS-CoV-2 ligandomes (Fig 2B).

All viral proteins theoretically generated HLA class I epitopes. On average, 1.19 epitopes

per allele family (those identified for� 50% alleles in the family) and 100 residues were identi-

fied in the SARS-CoV-2 proteome. Among polypeptides with� 75 residues, the M protein

carried higher (1.41 epitopes per family and 100 residues) and N lower (0.71) epitope densities,

respectively.

Epitope predictions were compared to 760 experimentally validated 8-12mer epitopes for

HLA class I included in the IEDB dataset. Up to 90% of validated epitopes perfectly matched

predicted epitopes, for at least one allele, at the stringent thresholds applied. There was high

correlation (r2 = 0.87, polynomic fit) between the number of predicted and validated epitopes

for the allele (Fig 3A). However, several alleles from the A�02 family were comparatively over-

represented while B�27 and B�39 alleles were under-represented in the validated dataset. Dif-

ferences for sequence and number of validated ligand datasets were evident between whole

families (Fig 3B). Globally, the ratio between validated and predicted epitopes was significantly

higher for families of the A locus (0.35 ± 0.12) with respect to those of the B (0.31 ± 0.13,

P< 0.001 Student’s t-test) and the C (0.29 ± 0.10, P< 0.001) loci. Forty-four alleles from 13

families did not show any validated experimental epitope, a higher number than allele and

families without predicted epitopes. Despite invaluable studies that contributed data with rela-

tively large and distributed datasets [22], experimental screenings may be slightly biased by the

low frequencies of some alleles in the cohorts analyzed. Overall, computational and experi-

mental approaches may be complementary and beneficial for the global characterization of the

SARS-CoV-2 cytotoxic response.

Fig 1. Overview of the analysis strategy.

https://doi.org/10.1371/journal.pcbi.1009726.g001
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Fig 2. Number and degree of overlap between SARS-CoV-2 epitopes for different HLA-class I allelic families. (A) Average number

of predicted HLA class I epitopes by allele family and protein. The standard deviation resulting from all proteins is indicated as a single

error bar. (B) Hierarchical clustering and associated heatmap indicating the degree of inter-family epitope correlation. Color intensity

expresses the Jaccard index for the epitope intersection between all family pairs. Perfect location match between epitopes calculated by

netMHCIpan 4.1 EL with score� 0.5 and rank� 0.5 were utilized to calculate intersection and union. Intra-family conserved epitopes

(� 50% alleles in the family by exact match) are in S1 Table.

https://doi.org/10.1371/journal.pcbi.1009726.g002
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Supertypes show very different number of SARS-CoV-2 supermotifs

Alleles, from the same or different families, that bind similar epitopes are functionally grouped

into twelve, so-called, supertypes [11]. Supertypes cover>90% of the world population regard-

less of ethnicity. In our dataset, 1,222 (23.4%) of all non-redundant epitopes were able to

cover� 50% of the alleles associated with at least one supertype, i.e. are supermotifs [23] (Fig

4A and S2 Table). Moreover, twenty supermotifs covered three or more supertypes (Table 1).

On average, 11.1 supermotifs were identified per 100 residues of the viral proteome. Among

ORFs with� 75 residues, the M (13.5 supermotifs per 100 residues) and the N (5.0 supermotifs

per 100 residues) proteins showed the highest and the lowest concentration of supermotifs,

respectively. The number of supertypes was unevenly represented since, for instance, the "A01

A24" and "A24" supertypes were associated with>250 supermotifs, while others as "A01" or

"B07" with around 50 supermotifs, and the "B27" supertype showed only 12 (Fig 4B).

Recurrent mutations can affect HLA class I epitopes

Calculations performed up to this point have included only the original Wuhan-1 reference

strain. However, viruses are continuously evolving entities where HLA class I ligand recogni-

tion can be dynamically subjected to extensive mutation-selection processes. Key mutations

could produce cytotoxic escape variants by reducing affinity or even deleting HLA class I

ligands and, then, influencing the ability of CD8+ lymphocytes to clear the infection [24]. To

assess this possibility, mutations were identified in 117,811 SARS-CoV-2 isolates from 87

countries covering 21 out of the 22 sub-continental areas of the United Nations M49

geoscheme. A total of 1,128,631 genetic alterations with respect to the Wuhan-1 reference

Fig 3. Comparison between predicted and validated epitopes. (A) Number of predicted epitopes (score� 0.5 and

rank� 0.5) versus validated epitopes per allele. (B) Heatmap showing the family average score (any score, rank� 2)

for validated HLA class I epitopes. Predicted epitopes with perfect matches with validated epitopes stored in the IEDB

are indicated in S1 Table.

https://doi.org/10.1371/journal.pcbi.1009726.g003
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strain were identified. These involved 28,512 unique residue substitutions in 9,723 positions. A

total of 78% of unique substitutions were non-conservative, those concerning distinct amino

acid classes (Fig 5A, left). Up to 26,231 deletions of 1 to 193 residues and 127 insertions, rang-

ing between 1 and 8 residues, were also detected (Fig 5B). Substitutions were much more prev-

alent than deletions (Fig 5C). In contrast, deletions affected a higher number of epitopes (Fig

5C). Nevertheless, the degeneration of ligand binding is expected to counteract many substitu-

tions and point deletions affecting epitopes, leading to a negligible effect on the cytotoxic

response.

There are mutations for most supermotifs but only a fraction causes

epitope escape and are geographically distributed

All 1,224 supermotifs carried some type of mutation in least one isolate. Nevertheless, a central

question is to what extend these changes have high impact in the context of the cytotoxic

response of the worldwide population.

Mutations were scrutinized using three criteria: recurrence, binding affinity reduction and

geographical dissemination of isolates carrying them. For this, a series of incremental selective

criteria on all the genetic changes observed was applied: (Filter 1) presence of the mutation

in� 2 isolates if the mutation was a substitution, or� 5 isolates if the mutation was an inser-

tion or a deletion, since these are more be resultant of sequencing errors; (Filter 2) drastic

reduction of supermotif binding. Changes in the second (P2) and C-terminal (P9 in core nona-

mers) positions preferentially perturb binding affinity, in particular when these changes

Fig 4. SARS-CoV-2 supermotifs. (A) Distribution of supermotifs according to the number of supertypes covered. (B)

Number of supermotifs per supertype detailed by protein antigen.

https://doi.org/10.1371/journal.pcbi.1009726.g004
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Table 1. SARS-CoV-2 HLA class I supermotifs involving three or more supertypes.

Protein Supermotif sequence % allele supertype coverage Number of covered supertypes

A01 A01 A03 A01 A24 A02 A03 A24 B07 B08 B27 B44 B58 B62

ORF1ab 5533-VVYRGTTTY-5541 76 100 53 72 62 5

ORF1ab 1582-QVVDMSMTY-1590 78 100 52 62 4

ORF1ab 2273-STNVTIATY-2281 80 100 67 58 4

ORF1ab 4072-VVIPDYNTY-4080 82 100 67 62 4

ORF1ab 4673-KLFDRYFKY-4681 50 100 67 54 4

ORF1ab 6154-HSIGFDYVY-6162 74 100 61 50 4

ORF1ab 77-RTAPHGHVM-85 60 89 60 3

ORF1ab 110-HVGEIPVAY-118 72 100 60 3

ORF1ab 568-TILDGISQY-576 74 100 60 3

ORF1ab 906-YLFDESGEF-914 78 70 68 3

ORF1ab 1768-VMYMGTLSY-1776 52 100 62 3

ORF1ab 1806-MMSAPPAQY-1814 62 100 62 3

ORF1ab 2876-TTNGDFLHF-2884 58 78 78 3

ORF1ab 2960-SIIQFPNTY-2968 74 100 60 3

ORF1ab 3103-GVYSVIYLY-3111 70 100 61 3

ORF1ab 4533-TLKEILVTY-4541 58 100 60 3

ORF1ab 5267-QEYADVFHLY-5276 100 74 57 3

ORF1ab 5981-SMMGFKMNY-5989 100 64 60 3

S 192-FVFKNIDGY-200 72 100 52 3

S 269-YLQPRTFLL-277 88 74 87 3

https://doi.org/10.1371/journal.pcbi.1009726.t001

Fig 5. Global mutation analysis in NCBI SARS-CoV-2 genomes. (A) Proportion of cumulative and unique residue

mutation events in SARS-CoV-2. (B) Length distribution of insertions (left) and deletions (right). (C) Number of

isolates and number of epitopes which location overlap to substitutions (left), insertions (center) and deletions (right).

https://doi.org/10.1371/journal.pcbi.1009726.g005
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involve amino acids of different physicochemical classes (non-conservative) (Fig 6A). This can

be explained by residues in these positions intimately interact with the selective B and F pock-

ets in the groove of the HLA molecule. However, the epitope disturbing capacity of mutations

in these positions is not an exact rule (Fig 6A). Thus, the actual impact on binding was explic-

itly recalculated in the mutated sequence and quantified using recommended thresholds (see

Materials and Methods); and (Filter 3) detection of the mutation in isolates from different

M49 world regions.

Fig 6. Supermotif escape mutations. (A) Influence of supermotif core position and residue conservation in the

epitope escape capacity of substitutions. (B) Average percentage of escape supermotifs by any mutation type after

incremental filter application. (C) Absolute number of mutated supermotifs for each supertype after incremental filter

application. (D) Nightingale rose charts indicating the percentage of escape supermotifs in prevalent M49 zones. Only

mutations involving�2 isolates in the M49 were considered. Only M49 zones with� 5% escape supermotifs for at

least one supertype are shown.

https://doi.org/10.1371/journal.pcbi.1009726.g006
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Expectedly, the fraction of escape supermotifs substantially decreased as more selective cri-

teria were applied (Fig 6B). Only 22.1% of supermotifs contained mutations that satisfied all

the stringent criteria, that is, show recurrent mutations that cancel the HLA class I binding

and are found in isolates over several sub-continental zones. Such high-impact changes

affected differently to various supertypes. The A03 supertype was more affected with 36.7%

while only 3.3% of B08 supertype supermotifs showed escape and disseminated mutations (Fig

6C and S2 Table). The "Australia and New Zealand" and, in particular, "Northern America"

M49 zones presented isolates with mutations in a substantial part of supermotifs (Fig 6D).

Recurrent mutations may have great relevance if they affect more than one supertype.

Thirty substitutions that disabled binding affinity of universal supermotifs appeared in 70 or

more isolates (Tables 2 and S3). Among them, was the W152C change in the spike protein in

3,455 USA isolates, which removed four supermotifs of two supertypes. The W6974V

(ORF1ab) substitution found in 211 isolates of four M49 areas, destroyed three supermotifs of

Table 2. Top-30 recurrent supermotif escape substitutions.

Protein Mutation Number of isolates (number of countries) M49 areas� Escape supermotif(s)�� Affected supertypes

S W152C 3455 (1) Northern America 4 A01 A24, A24

ORF1ab L3606F 2986 (49) 18 3605-FLYENAFL-3612 A02

ORF1ab P5828L 2147 (6) 6 5827-NPAWRKAVF-5835 B07

ORF1ab P4619L 1023 (5) 5 4618-TPGSGVPVV-4626 B07

ORF1ab L6102F 797 (7) 7 6100-KNLSDRVVFV-6109 A02

ORF1ab V3595G 304 (1) Northern America 3587-ILTSLLVLV-3595 A02

ORF1ab L6981Q 258 (4) 4 6973-SWNADLYKL-6981 A24

ORF1ab K2511N 251 (7) 6 2511-KTYERHSLS-2519 A01 A03

ORF1ab K6980G 223 (4) 4 6972-HSWNADLYK-6980 A03

ORF1ab P5828S 214 (5) 4 5827-NPAWRKAVF-5835 B07

ORF1ab W6974V 211 (4) 4 3 A24, B58

ORF1ab S2625F 181 (2) 2 2624-VSLDNVLSTF-2633 B58

ORF3a K16N 148 (4) 4 2 A03

ORF1ab S2535L 147 (5) 5 2534-GSLPINVIVF-2543 B58

ORF1ab K2200N 145 (4) 4 2191-KASMPTTIAK-2200 A03

ORF1ab L642F 124 (3) 3 641-FLRDGWEIV-649 A02

ORF1ab L2122F 108 (1) Northern America 2121-TLATHGLAAV-2130 A02

ORF1ab V627F 104 (5) 3 619-TVYEKLKPV-627 A02

S K1073N 100 (3) 3 2 A01 A03, A03

ORF1ab K6464N 94 (6) 6 6456-NVAFNVVNK-6464 A03

S W152L 91 (6) 5 151-SWMESEFRV-159 A24

ORF1ab K6980S 83 (2) 2 6972-HSWNADLYK-6980 A03

S W152R 83 (4) 4 143-VYYHKNNKSW-152 A24

ORF3a K67N 79 (4) 4 59-ASKIITLKK-67 A03

ORF1ab K2497N 75 (5) 4 2489-YIVDSVTVK-2497 A03

ORF3a Y107H 75 (1) Northern America 2 A01 A24

ORF1ab P1659S 73 (2) 2 1658-YPQVNGLTSI-1667 B07

ORF3a L52F 73 (2) 2 51-ALLAVFQSA-59 A02

ORF1ab L446F 71 (3) 3 445-GLNDNLLEIL-454 A02

ORF1ab L681F 70 (3) 3 680-KLVNKFLAL-688 A02

� If the number of M49 areas is higher than one, the number is given instead.

�� If the number of supermotifs with escape substitutions is higher than one, the number is given instead.

https://doi.org/10.1371/journal.pcbi.1009726.t002
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two supertypes. Notably, the P5828 and K6980 (ORF1ab) positions showed two different

recurrent escape mutations each.

Comparatively, insertions played an almost global negligible effect. Only 6965::SKF and

6981::KEGQ (ORF1ab) decreased the HLA binding, affected one supermotif and supertype

each, and were in more than 10 isolates (Table 3).

Deletions showed a binary pattern (Tables 4 and S4). On the one hand, short deletions (� 3

residues) affected many proteome zones and mostly concerned a single supermotif. For

instance, the predominant Δ145 (S protein), Δ363 (N protein) and Δ141–143 (ORF1ab) dele-

tions were in this group. On the other hand, long recurrent deletions (>80 residues) removed

up to twelve supermotifs from seven supertypes and tended to occur in discrete proteome hot-

spots, namely the 2791–2883 (28–120 of nsp4) and the 6338–6436 (413–511 of nsp14A2_Ex-

onN) regions of ORF1ab.

Notably, no relevant supermotif escape properties were detected for most mutations carried

by variants of concern (VOCs) and variants under monitoring (VUMs) (S3 and S4 Tables).

The most remarkable case was the aforementioned W152C substitution, which is a hallmark

mutation of the VUM epsilon strain.

Only a few supermotif escape mutations coexist in the same isolate

Beyond prevalence, these mutations may show distinct combinatorial preferences for simulta-

neously co-occurring in the same isolates. This information was utilized to detect nine inde-

pendent mutation networks of 2–44 mutations. Several supermotif mutations were linked

through a few spread mutations acting as hubs: W152C (S protein), L3606F (ORF1ab, L37 in

nsp6_TM) and four long recurrent deletions in the 6342–6432 range (ORF1ab, nsp14A2_Ex-

onN protein)(Fig 7).

Mutated lineages were also analyzed at the isolate level. Ultimately, isolates enriched in

supermotif escape mutations may evade immune system response and disseminate quickly.

There was a direct relationship between the number of substitutions in an isolate and the num-

ber of supertype alleles altered, which may be mostly attributed to neutral RNA replication

errors. Importantly, 7347 isolates conveyed mutations in� 5 supermotifs (Tables 5 and S5)

and in 1027 cases affected� 5 supertypes.

The origin of most supertype-mutated isolates were USA and Australia (Fig 8A). Among

emergent isolates, a strongly mutated isolate (Assembly database entry: "MT577016", 297

mutations) from India stood out with 18 escape supermotifs corresponding to 7 supertypes.

Notably, 16.4% of isolates, mostly showing only moderate mutational profiles (� 5 substitu-

tions), presented� 0.5 negated supermotifs per mutation. This feature suggests potential pres-

sure for cytotoxic evasion by precise supermotif mutation in a subpopulation of isolates in the

later cases. For instance, the MW586153 isolate collected in USA:SC showed 16 substitutions

where twelve of them removed supermotifs from four supertypes. Other remarkable cases

Table 3. Recurrent supermotif escape insertions.

Protein Insertion Number of isolates (number of countries) M49 areas Escape supermotif(s) Affected supertypes

ORF1ab 6965::SKF 31 (2) Northern America, Western Africa 6958-KLALGGSVAI-6967 A02

ORF1ab 6981::KEGQ 24 (1) Northern America 6973-SWNADLYKL-6981 A24

ORF1ab 6980::EG 9 (1) Northern America 6972-HSWNADLYK-6980 A03

6973-SWNADLYKL-6981 A24

ORF1ab 6980::G 9 (1) Northern America 6972-HSWNADLYK-6980 A03

6973-SWNADLYKL-6981 A24

https://doi.org/10.1371/journal.pcbi.1009726.t003
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were three isolates (MW702787, MW702788 and MW702806) from the same county in USA:

CA that showed eleven escape supermotifs from seven supertypes with only fourteen substitu-

tions, suggesting an incipient evasive lineage.

However, no isolates carried escape mutations for >15% supermotifs of specific supertypes

(Fig 8B). The only exceptions were three USA isolates with <25 mutations (including dele-

tions) that invalidated four out of the twelve B�27 supermotifs. Seventeen USA isolates

with� 20 substitutions and no indels invalidated up to three B�27 supermotifs.

Epitope escape mutations in families with scarce SARS-CoV-2 ligandomes

In contrast to most supertypes, some alleles did not shown affinity to any SARS-CoV-2 peptide

or showed scarce SARS-CoV-2 peptide repertoires. In this light, 246 alleles (8.4%) of the three

Table 4. Top-30 recurrent supermotif escape deletions.

Protein Deletion location (length) Number of isolates (number of countries) M49 areas� Escape supermotifs�� Affected supertypes���

S Δ145 (1) 2766 (24) 16 142-GVYYHKNNK-150 A03

ORF1ab Δ6343–6429 (87) 1695 (2) 2 9 5

N Δ363 (1) 833 (1) Northern America 355-KHIDAYKTF-363 A24

ORF1ab Δ6338–6436 (99) 774 (8) 7 2 A02

ORF1ab Δ6342–6432 (91) 705 (3) 3 7 3

ORF1ab Δ6343–6432 (90) 493 (2) 2 6 A02, A24

ORF1ab Δ6343–6431 (89) 492 (2) 2 6 A02, A24

ORF1ab Δ141–143 (3) 404 (9) 9 135-SYGADLKSF-143 A24

ORF1ab Δ6342–6429 (88) 303 (1) Northern America 9 6

ORF1ab Δ7014–7096 (83) 298 (4) 4 11 7

ORF1ab Δ4714 (1) 261 (9) 8 4710-STVFPPTSF-4718 A01

ORF1ab Δ6341–6432 (92) 228 (2) 2 6 2

ORF1ab Δ6345–6429 (85) 200 (1) Northern America 8 5

ORF1ab Δ2797–2877 (81) 173 (2) 2 2 A03, B44

ORF1ab Δ6345–6428 (84) 164 (2) 2 6 3

ORF1ab Δ2276–2356 (81) 150 (2) 2 4 4

ORF1ab Δ6656–6686 (31) 150 (1) Northern America 6669-AMDEFIERY-6677 A01

ORF1ab Δ3705–3705 (1) 149 (2) 2 3699-TVYDDGARR-3707 A03

ORF1ab Δ2796–2877 (82) 148 (2) 2 3 A03, B44

ORF1ab Δ84–85 (2) 129 (8) 7 2 3

ORF1ab Δ6969–7036 (68) 126 (4) 4 8 4

ORF1ab Δ2791–2883 (93) 108 (5) 5 4 3

ORF1ab Δ85 (1) 107 (3) 3 77-RTAPHGHVM-85 B62

S Δ143–144 (2) 98 (3) 3 142-GVYYHKNNK-150 A03

ORF1ab Δ768–862 (95) 92 (4) 4 12 6

ORF1ab Δ2797–2876 (80) 92 (2) 2 3 2

ORF1ab Δ6341–6436 (96) 88 (1) Northern America 5 4

ORF1ab Δ6158 (1) 84 (2) 2 6154-HSIGFDYVY-6162 4

ORF1ab Δ6345–6430 (86) 83 (1) Northern America 7 4

ORF1ab Δ6956 (1) 81 (6) 5 6954-FIQQKLAL-6961 B08

� If the number of M49 areas is higher than one, the number is given instead.

�� If the number of supermotifs with escape deletions is higher than one, the number is given instead.

��� If the number of affected supertypes is higher than two, the number is given instead.

https://doi.org/10.1371/journal.pcbi.1009726.t004
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loci (HLA-A: 39 alleles; HLA-B: 143 alleles; HLA-C: 64 alleles) were predicted to bind with

high affinity to twenty or less epitopes. These alleles belonged to 48 families which showed

three possible patterns depending on their alleles with few SARS-CoV-2 epitopes was either

the norm or the exception (Fig 9A). Firstly, eight families contained�81% of alleles with few

predicted epitopes and� 22 epitopes per allele on average, and were deemed poor SARS-

CoV-2-repertoire families. These families were A�74, B�46, B�52, B�73, B�82, B�83, C�01 and

C�18. Remarkably, the combination of alleles of inefficient families for the three loci, the

A�74:02-B�46:01-C�01:02 haplotype, has been detected with a 0.02% frequency in a Hong

Kong sample. Secondly, and in contrast, most families analyzed contained only<17% alleles

linked to few epitopes and� 34 epitopes per allele on average. However, three of these families

(B�08, B�15 and C�07) were large families that included� 10 alleles with limited SARS-CoV-2

epitope sets. Finally, just two families behaved in a hybrid manner: B�14 (18% alleles with few

epitopes; 23.7 epitopes/allele) and B�78 (43% alleles with few epitopes, 31.1 epitopes/allele). A

small number of key viral changes may be sufficient to completely negate the contribution of

these families, nearly devoid of SARS-CoV-2 ligands, to the cytotoxic protection. Substitutions

and deletions (but no insertions) negated the binding of 42% and 37% epitopes (averaged by

family), respectively, for weak alleles in the eight families with fewest alleles (Fig 9B). No hall-

mark mutation of VOCs or VUMs affected these allele families.

A pending issue is whether SARS-CoV-2 isolates with changes that remove the HLA bind-

ing in these allele families were collected from geographical zones with populations expressing

these alleles. According to the Allele Frequency Database, the A�74, B�82 and C�18 families

Fig 7. Networks of coupled supermotif escape mutations. Undirected unweighted graphs showing coupled

supermotif escape mutations. Sub-networks are named with roman numbers. Nodes correspond to mutations that

were substitutions (position and residue change) or deletions (residue range). No coupled insertions were detected.

The node color indicates the antigen protein. The sphere diameter reflects the amount of isolates harboring the

mutation. Nodes represent mutations carried by� 25 isolates. Edges represent co-existence of a mutation pair

in� 20% isolates of all those carrying at least one of the mutations.

https://doi.org/10.1371/journal.pcbi.1009726.g007
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were prevalent in Africa whereas B�46 is common in Eastern Asia. These allele families were

also common in minorities within these origins in other countries such as USA. By compari-

son, the B�52, B�73 and C�01 families were globally disseminated whereas B�83 was extremely

rare. When isolates carrying mutations were geographically mapped using sample metadata

and superimposed onto allele distribution, co-localization was observed in several cases (Fig

9C). For instance, nine isolates from Ghana and USA showed the K369D (N protein) change,

which canceled the binding of the 361-KTFPPTEPK-369 of eight A�74 alleles. Five isolates

from Ghana and Kenya conveyed the ORF1ab deletion Δ6656–6744 (corresponding to Δ204–

292 of nsp15_A1), which erased the 6669-AMDEFIERY-6677 epitope of the A�74:10 allele.

Another example is constituted by nine isolates from India carrying the Q575R mutation in

ORF1ab (Q395R in nsp2). This change invalidated binding to eight alleles of B�52 family,

being India one of the countries with population samples enriched in this family. Likewise, the

Δ6342–6432 deletion in ORF1ab (Δ417–507 in nsp14A2) was found in 17 isolates collected in

Ghana and negated the 6353-TPAFDKSAF-6361 epitope of the B�82:03 allele. The deletion

Δ872–966 (equivalent to Δ54–148 of nsp3) of ORF1ab underwent by two Hong-Kong isolates

Table 5. Top isolates showing supermotif escape mutations.

Accession Total number of

mutations

Number of escape

supermotifs

Number of affected

supertypes

Ratio escape supermotifs per

mutation

Collection

date

Country

MW673525 40 19 5 0.475 08/02/2021 USA

MT577016 297 18 7 0.061 2020 India

MW694016 31 15 9 0.484 11/02/2021 USA

MT451283 276 14 8 0.051 24/03/2020 Australia

MW156473 51 14 7 0.275 28/07/2020 Australia

MT451279 142 13 8 0.092 24/03/2020 Australia

MT451436 134 13 8 0.097 26/03/2020 Australia

MW689154 62 13 7 0.210 13/02/2021 USA

MW653643 21 13 6 0.619 07/12/2020 USA

MW525102 27 13 4 0.481 10/01/2021 USA

MW406716 58 12 9 0.207 24/06/2020 USA

MW190139 49 12 8 0.245 16/07/2020 USA

MW228176 68 12 8 0.176 16/06/2020 USA

MW406699 62 12 8 0.194 24/06/2020 USA

MW542158 75 12 8 0.160 13/01/2021 USA

MW725850 27 12 8 0.444 24/02/2021 USA

MW449384 63 12 7 0.190 30/11/2020 USA

MW474268 54 12 7 0.222 12/11/2020 USA

MW617514 62 12 7 0.194 02/02/2021 USA

MW704295 50 12 7 0.240 19/01/2021 Bahrain

MW715548 71 12 7 0.169 19/02/2021 USA

MW673420 38 12 6 0.316 09/02/2021 USA

MW741583 26 12 6 0.462 23/02/2021 USA

MW751588 30 12 6 0.400 04/03/2021 USA

MW783199 68 12 6 0.176 02/03/2021 USA

MW518131 34 12 5 0.353 03/01/2021 USA

MW693032 18 12 5 0.667 05/11/2020 USA

MW586153 16 12 4 0.750 28/01/2021 USA

MW596067 32 12 4 0.375 29/01/2021 USA

MW673042 33 12 3 0.364 07/02/2021 USA

https://doi.org/10.1371/journal.pcbi.1009726.t005
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erased the 906-YLFDESGEF-914 epitope associated to three B�46 alleles. Finally, the M85Q

(ORF1ab) substitution overrode five B�46 alleles and was found in Bahrain and USA isolates.

Another intriguing question is whether independent changes destroying two epitopes

bound to alleles of any of these family tend to accumulate in the same isolates. Although it was

a rare event, isolates with mutations negating two epitopes were identified in five out of the

eight poor SARS-CoV-2-ligandome families. These isolates reached 2.59% of the total carrying

at least one mutation negating B�52 epitopes. A prominent example is embodied by twenty-six

isolates that combined alterations of ORF1ab Δ5828 (P504 in nsp13_ZBD protein) and large

Fig 8. Isolates carrying different combinations of escape mutations. (A) Each point represents an isolate plotted

according to the total number of mutations, the number of escape supermotifs and number of affected supertypes.

Only isolates harboring three or more escape supermotifs are represented. (B) Chart panel indicating mutated isolates

according to the number of escape supermotifs for each supertype. Isolates are colored by M49 zone of collection.

https://doi.org/10.1371/journal.pcbi.1009726.g008
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Fig 9. Escape mutations in allele families with fewest epitopes. (A) Number of alleles with� 20 epitopes versus the

total number of alleles for HLA families of the three loci. Families without any allele with� 20 epitopes are not

represented. (B) Average number of escape epitopes, either by substitutions or deletions, respect to the average total

number of epitopes for the eight allele families with the fewest epitopes. (C) World map panel indicating the presence

of population samples carrying alleles of the eight families with fewest epitopes and isolates with escape mutations for

these families. Family allele frequencies are color ranked for both the majority population (red scale) and sub-

population (blue scale) samples. Only the highest frequency sample per country was considered. A B�83 map is not

shown due to the extremely low prevalence of this allele family. Spheres in green indicate the presence of isolates with

escape mutations for the allele family collected in that country. The sphere diameter is proportional to the total

number of these isolates. Epitope escape substitutions and deletions for the eight allele family with fewest epitopes are

listed on S6 and S7 Tables, respectively. The base layer for the world map was downloaded from https://

naturalearthdata.com/downloads/50-m-cultural-vectors/50m-admin-0-details/.

https://doi.org/10.1371/journal.pcbi.1009726.g009
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deletions in the ORF1ab 6341–6436 range (416–511 in nsp14A2_ExonN protein). These

changes inactivated the 5827-NPAWRKAVF-5835 and 6353-TPAFDKSAF-6361 epitopes,

respectively, of the B�82:03 allele. These isolates were collected from 22/03/20 to 09/02/21, in

six USA states with different percentages of Afro-American population, suggesting some

maintained dissemination degree and potential convergent selective pressure. The fact that

these changes were also detected in isolation in several samples from the same country (22 and

62 isolates, respectively), indicates double mutants may have arisen by recombination.

Discussion

This study aims to determine to what extend the mutations observed in large SARS-CoV-2

genome datasets can perturb the human cytotoxic response against this virus. This impact was

studied in HLA class I molecules that practically cover the human population as a whole and,

with special attention, to subsets with reduced SARS-CoV-2-ligand repertoires. In general,

human and pathogen variability can greatly influence the CD8+ response, which may affect the

outcome of infection. Some combinations of HLA class I haplotypes and viral genomes appear

to further offset the balance towards an insufficient cytotoxic response and, thus, a probable

bad prognosis. The surveillance of escape viral variants carried out in this study might there-

fore help to ameliorate enhanced susceptibility to COVID-19 in sub-populations by designing

appropriate countermeasures.

The experimental evaluation of the immune response of every human allele associated to

each viral variant is not feasible. Computational methods can facilitate this task and generate

new, otherwise overlooked, hypotheses. Pioneering bioinformatic studies focused on predict-

ing cytotoxic epitopes of a limited subset of common HLA alleles against the reference viral

strain [12,19,22,25]. Former high-range reports have explored the epitope space of the virus

with different purposes such as the assessment of the geographical prevalence of allele-peptide

combinations [26] and the design of epitope-based vaccines [27]. However, SARS-CoV-2 has

substantially evolved after more than a year of pandemic, resulting in a human-viral combina-

tion landscape of immense scale only approachable using automated techniques. To screen the

genome cytotoxic dynamics, it is essential to estimate the mutations and the utilization of

supertype concept and susceptible alleles, and the systemic analysis of mutation combinations

in potentially emerging isolates.

Large epitope numbers were computationally predicted to be presented by most supertypes.

Although all these supermotifs appeared mutated in at least one isolate, most of these muta-

tions did not overcome the supermotif degeneracy. In most cases, the HLA binding affinity

was reasonably maintained except from (i) residue substitutions in the second and C-terminal

positions of the ligand core, amino acids that usually are anchor motifs; and (2) large deletions

that fully removed the epitope. For instance, the Spike-W152C mutation and deletions in the

6342–6432 range in ORF1ab removed several epitopes at the level of supermotifs, and were

coupled to several other changes. Respect to the persistence of these escape mutations, point

substitutions are likely less prone to impose a dramatic fitness although some extensive dele-

tions have been also been shown to be compatible with infection and transmission [28,29].

Large deletions have been related to progressive adaptation to host and reduced virulence

[30,31], but their middle-term stability should be analyzed case-to-case.

A central question is whether escape mutations have longitudinally accumulated in

genomes of individual isolates. If so, such emerging strains would have acquired, or be in the

process of acquiring, enhanced capacity to infect individuals previously able to mount an effec-

tive cytotoxic response. However, the emergence of this challenging phenotype would not be

expected after the examination of the genomic space of the virus carried out in this study.
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Even the forward line of mutated variants in this respect only combined low numbers (<15%)

of escape supermotifs of a given supertype. The remaining intact supermotifs, other HLA class

I loci and heterozygosity should compensate escape mutations, provided that the pool of naïve

lymphocyte is high enough and the innate-to-adaptive response priming correctly coordi-

nated. Notably, the humoral and CD4+ responses would likely remain active and be sufficient

in many cases. Therefore, we conclude that the systemic nature of the immune response trans-

lates into most healthy subjects remaining competent to respond against variants. The only

exception that moderately threatens supertype redundancy was the B27 supertype with isolates

that convey evading mutations for up to 33% of these supermotifs. This supertype is common

in many populations such, in particular, in Inuit [32], which may be exposed to "Northern

America" isolates with disabled B27 supermotifs.

Importantly, our results support that VOCs and VUMs are essentially devoid of cytotoxic

escape mutations. The only notable example is the epsilon strain, which carries the relevant

spike-W152C mutation [33]. Nevertheless, the emergence of alternative isolates that undergo

the step-wise accumulation of genetic markers to achieve extended cytotoxic resistance should

not be ruled out. This may be favored by considering the explosive expansion of the virus

worldwide. The mutational space would be reduced in practice due to potential antagonism

between cytotoxic evasion pressure and structural-functional restrictions of proteins. How-

ever, a sizable fraction of the human population has been infected with the virus, which repre-

sents innumerable replication cycles and infection attempts. Some variants have been linked

by other scientific groups to different clinical phenotypes such as increased mortality [34] and

antibody escape [35]. Likewise, progressive mutation and recombination in SARS-CoV-2 may

conceivably achieve a critical number of supermotif escape mutations that collectively consti-

tute a selective advantage. Some identified isolates appeared to have experienced a higher-

than-expected number of these changes over the genetic noise, and may have initiated the eva-

sion-driven process.

On the other hand, according to our computational study, a worrisome scenario has already

occurred for around ~10% of alleles able to bind a reduced number of ligands from the SARS-

CoV-2 proteome. Among them, the A�74, B�82 and C�18 allele families, with sub-Saharan

African origin, and the C�46 family, with Far East origin, excelled. Lost or debilitation of the

cytotoxic response would make these individuals too dependent upon the humoral response,

which can be inefficient during primary infection in some cases (1). This may be very relevant

when these alleles are combined into the same haplotype, in particular when in homozygosis.

Underprotection may become exacerbated if these individuals become infected with these

escape variants. Given their low epitope redundancy, a very few number of viral mutations,

such as those identified in this study, may suffice to circumvent both the cytotoxic primary

and memory T responses. The geographical co-existence of viral variants that experience epi-

tope switch respect to some HLA class I molecules and individuals expressing these alleles may

exert immediate selective pressure. This may cause rampant dissemination of emergent strains

in these niches with local clinical consequences. Most isolates at great risk of achieving critical

mutations to impair the CD8+ ligand repertoires in these families were found in “Northern

America” where some African Americans and Asian subpopulations carried these alleles.

Whether these immunotypes with further diminished SARS-CoV-2 ligandomes have under-

gone positive selection warrants massive local HLA genotyping and viral sequencing. Some of

these alleles may be ancestrally specialized in single pathogens, but unable to be effective

against international viral infections as reported for Dengue [36], HIV [37] and influenza [38].

Bioinformatic approaches suffer from intrinsic limitations. These include the possible

application of biologically inappropriate thresholds and potentially low predictive perfor-

mance. Furthermore, alleles considered in algorithms as much as the priceless genome
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sampling by the worldwide sequencing effort still represent an underestimation of biological

variability. Such obstacles were addressed in this study by: (i) utilizing a state-of-the-art algo-

rithm that permits nearly universal fine-grained predictions; (ii) the application of stringent

cutoffs that reflect the natural strictness of the ligand-HLA binding; (iii) the re-calculation of

peptide binding affinity for each mutation; and (iv) the utilization of a large dataset of viral

genomes and their corresponding metadata. Mutations were stratified by occurrence, reduc-

tion of HLA-binding affinity and geographical dissemination. Thus, the integration of omic

data and immunoinformatics in this study very likely capture, despite drawbacks, the principal

trends that respond to the posed questions.

In conclusion, here we provide a complete repository of the predicted escape mutations in a

recent NCBI genome sampling of SARS-CoV-2. Fortunately, accumulation of these mutations

in single isolates does not appear close enough yet to be alarming at the global population

level. However, isolates carrying mutations able to override limited CD8+ response in some

alleles and haplotypes are already co-circulating with individuals carrying these HLA class I

molecules. Emerging SARS-CoV-2 variants may further increment the susceptibility of highly

vulnerable communities and should be actively surveyed to coordinate appropriate counter-

measures. In this respect, bioinformatic pipelines operating on a timely basis may play an irre-

placeable role in the protection against this and other pandemic threats.

Materials and methods

Data acquisition

Fasta format files containing SARS-CoV-2 coding sequences and tables containing isolate

metadata were downloaded from the NCBI repository (https://www.ncbi.nlm.nih.gov/sars-

cov-2/) (Last accession: 19/03/2021) [39]. This genome pool corresponded to the full NCBI

submission volume that surpassed their quality filters. The dataset was ample enough to guar-

antee genetic variability including VOCs (1,706 isolates from alpha, 19 from beta, 6 from

gamma stains), VUMs (558 from epsilon, 7 from lambda strains) and numerous unrelated iso-

lates. A few protein sequences of clinical isolates showing length differences >3% respect to

the reference variant were still considered anomalous and rejected. The number of isolates of

each variant was identified by using the NCBI "SARS-CoV-2 Data hub" tool (https://www.

ncbi.nlm.nih.gov/labs/virus/vssi/#/virus?SeqType_s=Nucleotide&VirusLineage_ss=SARS-

CoV-2,%20taxid:2697049). The country of origin of isolates were extracted from NCBI meta-

data table and then assigned to sub-continental regions following the M49 United Nation

geoscheme (https://unstats.un.org/unsd/methodology/m49/). Experimental verification of

predicted epitopes was carried out by perfect protein and coordinate matches respect to vali-

dated epitopes. Experimental epitopes were downloaded from the IEDB (Last accession:

19/03/2021)[15] using the following search terms: Epitopes: "Any epitopes"; Assay: "T Cell",

"MHC Ligand" and outcome: "Positive"; MHC Restriction: "MHC Class I"; Host: "Human";

Disease "COVID-19 (ID: DOID: 0080600)".

Alleles for the twelve HLA class I supertypes were acquired from the original publication

[11]. Only the 551 alleles sharing anchor residues (labeled in green and white in the original

publication) were considered. Geographical localization of populations with allele families

with few epitopes was carried out using the Allele Frequency Net Database [40]. Only samples

with at least 50 individuals and�1% frequency for the given allele family were considered.

HLA class I epitope prediction and analysis

HLA class I epitopes between 8–12 residues in 11 viral proteins, and the ORF1ab polyprotein,

of the SARS-CoV-2 reference proteome (Wuhan-1; RefSeq: NC_045512.2) were predicted for
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2,915 alleles using NetMHCIpan EL 4.1 [21]. Binding epitopes were considered those that sat-

isfy the rank� 0.5 (EL rank) and score (EL score)� 0.5 estimations provided by this neural

network method. The predictive performance of this algorithm was superior when trained

with mass spectrometry elution (EL) data than when trained with binding affinity (BA) data

and therefore the former is recommended by the developers for general applications. However,

the "EL score" quantifies biologically meaningless abstract units whereas the score of the BA

version "BA score" reflects the IC50 in nM. Thus, to take advantage of the strengths of both

strategies, the approximate equivalences between EL and BA scores were assessed by exponen-

tial regression (r2 = 0.69) (S1 Fig). This comparison resulted in a value for "EL score"� 0.5 was

roughly equivalent to an IC50� 500nM. This affinity threshold is satisfied by most medium to

high-affinity real ligands [41]. Redundant epitopes with distinct lengths and lower "EL scores"

but sharing the same peptide core and allele were ignored.

Intra-family coherence was calculated by comparing the non-redundant epitope pools

between all alleles of the same family and calculate the average Jaccard coefficient (intersection

divided by the union) of all families. For that, the intersection was constituted by the number

of epitopes that showed a perfect coordinate match for two alleles among all epitopes identified

by each allele. Inter-family epitope correlation was calculated by comparing family epitope

pools, i.e. those shared by at least half of the alleles of the alleles in the family, like explained

above between families. A matrix with all inter-family Jaccard coefficients was used for

agglomerative hierarchical clustering by clustermap function of seaborn data visualization

Python library with default options.

Supermotifs, or supertype-associated epitopes, were those predicted as non-redundant epi-

topes showing perfect coordinates for� 50% alleles in the supertype [11]. Only alleles which

motifs were experimentally established or shared exact match(es) to second and C-terminal

peptide positions, i.e. B and F pockets of the HLA class I groove, in the original reference were

considered.

Mutation analyses

Mutations respect to the proteins of the reference Wuhan-1 strain (RefSeq: NC_045512.2)

were identified by aligning with Clustal Omega 1.2.1 [42] with an in-house perl script (S1 File).

All adjacent insertion or deletion runs were collapsed into single events. Non-conservative

mutations were deemed those involving distinct physicochemical classes: acidic (D, E), amide

(N, Q), basic (H, K, R), cysteine (C), glycine (G), hydroxyl (S, T), hydrophobic aliphatic (A, I,

L, M, V), hydrophobic aromatic (F, W, Y) and proline (P) residues.

The impact of point substitutions on epitope binding was assessed by recalculating the "EL

score" and "El rank" of the mutated peptide. For insertions, flanking regions to the insertion

limits were taken to complete 22mer sections and binding also recalculated. Likewise, for dele-

tions, the resulting 11mers flanking the deletion limits were merged into 22mer sections.

Based on the "BA score" and "EL score" correspondences, "EL scores" of< 0.1 roughly corre-

sponded to BA scores of>5000nM (S1 Fig), associated to non-binders according to the IEDB

curators. Thus, mutations causing medium-strong peptide binders decreases to EL

scores< 0.1 besides EL rank� 1 were deemed epitope escape mutations. For supermotif

escape mutations, the allele of the supermotif showing the highest "EL score" for the wild-type

epitope was tested. For the eight families with fewest epitopes, escape mutations were calcu-

lated for each allele.

Network graphs of coupled mutations were carried out using the NetworkX [43] Python

library.
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