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Résumé

La pandémie actuelle de COVID-19, causée par le coronavirus 2 du syndrome respiratoire
aigu sévere (SRAS-CoV-2), a entrainé plus de 6 millions de déces et pres de 680 millions de cas
confirmés dans le monde. Depuis I'émergence du virus en décembre 2019, beaucoup d’efforts de
recherche mondiaux ont vis¢ a étudier la relation entre le SRAS-CoV-2 et I'immunité adaptative a
médiation cellulaire. La caractérisation des réponses immunitaires a base de lymphocytes T CD4+
et CD8+ contre le SRAS-CoV-2 dans le contexte de mutations virales est d'une pertinence
immédiate pour I’approfondissement de nos connaissances concernant l'immunité adaptative
envers un virus en évolution, ainsi que 1'amélioration de vaccins. Dans cette thése, je passerai en
revue les découvertes actuelles concernant la biologie du SRAS-CoV-2 et sa relation avec le
systéme immunitaire adaptatif humain. Je discuterai ensuite les divers mécanismes par lesquels le
SRAS-CoV-2, ainsi que d'autres virus, se sont avérés échapper I’immunité adaptative humoral et
cellulaire. Enfin, je présenterai mes contributions a la compréhension du paysage mutationnel
global du SRAS-CoV-2 et de sa capacité a échapper a la reconnaissance par les lymphocytes T
CD8+. Dans ce travail, j'ai observé que le paysage mutationnel global du SRAS-CoV-2 était régi
par des biais de mutation au cours de la premiére année de la pandémie, le plus répandu d’entre
eux conduisant a la suppression de la proline. Il a ensuite été prédit que cette ¢limination globale
de la proline conduirait a la perte d’épitopes reconnues par les cellules T CD8+ d'une manicre
dépendante sur les super-types HLA, avec la perte d'épitopes survenant préférentiellement dans le
contexte du super-type HLA-B7. Le modele développé dans ce travail propose un lien entre les
biais mutationnels globaux du SRAS-CoV-2, les alleles HLA et 1'évasion des lymphocytes T. Ce
travail crée un cadre pour anticiper l'impact des variantes existantes et émergentes du SRAS-CoV-

2 envers la réponse immunitaire a base de lymphocytes T CD8+.
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Abstract

The current COVID-19 pandemic, caused by Severe Acute Respiratory Syndrome
Coronavirus 2 (SARS-CoV-2), has led to upwards of 6 million deaths and nearly 680 million
confirmed cases worldwide. Since the emergence of the virus in December 2019, astounding
global research efforts have been aimed at investigating the relationship between SARS-CoV-2
and cell-mediated adaptive immunity. Characterizing CD4+ and CD8+ T Lymphocyte responses
to SARS-CoV-2 in the context of viral mutations is of immediate relevance to understanding the
breadth of a population’s adaptive immunity to an evolving virus and is central to the improving
existing vaccines. In this thesis, I will review all present findings pertaining to the biology of
SARS-CoV-2 and its relationship with the human adaptive immune system. I will then discuss the
various mechanisms by which SARS-CoV-2, along with other viruses, have been found to evade
the various arms of the adaptive immune system. Finally, I will present my contributions to the
understanding of the global mutational landscape of SARS-CoV-2 and its ability to evade
recognition by CD8+ T lymphocytes. By investigating over 300,000 SARS-CoV-2 genomic
sequences, | observed that the mutational landscape of SARS-CoV-2 was governed by mutation
biases during the first year of the pandemic, with the most prevalent bias leading to the removal
of proline. The observed global removal of Proline was predicted to lead to the loss of CD8+ T
cell epitopes in an HLA-supertype-dependent manner, with the loss of epitopes occurring

preferentially in the context of the HLA-B7 supertype. The model developed proposes a link



between SARS-CoV-2 global mutational biases, HLA alleles and T cell evasion. This work creates
a framework to anticipate the population-specific impact of existing and emerging SARS-CoV-2
variants on CD8+ T cell-based immunity.

Key words: Genomics, Virology, T cells, Epitopes, SARS-CoV-2, Immunopeptidomics, Immune

Escape
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INTRODUCTION

The current pandemic caused by Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-
2), a zoonotic virus causing acute infections of the lower respiratory tract, is the latest in a series
of pandemic events that have plagued humanity throughout history. Unlike epidemics, which
consist of a sudden rise in cases related to an infectious disease, a pandemic is declared when the
rate of infection rises exponentially across multiple countries. As was the case with previous
pandemics, such as the Bubonic plague of the 14" century, the current pandemic has had
tremendous impacts on our economies, social norms, and public health. Efforts to mitigate the
situation have been marked by a high level of collaboration, resulting in part in the rapid
development and approval of numerous vaccines within one year. This unprecedented
collaborative ecosystem has also enabled the rapid characterization of SARS-CoV-2 biochemistry,
epidemiology as well as its relationship with the human immune system. However, the rapid
spread of the virus across the globe has also resulted in significant genomic and proteomic
diversification. Advanced genomic surveillance initiatives as well as novel lineage nomenclature
schemes have allowed the scientific community to closely monitor the emergence of new lineages
in the context of epidemiologically relevant outbreaks (1-4). As a result of these efforts, a set of
Variants of Concerns (VOCs) deemed to pose risks to public health were identified. Although
many features of the viral infection cycle and virulence have been unveiled, many questions
remain. In light of the recent emergence of various widespread VOCs, a current point of interest
consists of understanding the capacity of SARS-CoV-2 variants to evade immune recognition. In
this dissertation, I will discuss the current understanding of viral biology, its relationship with the
adaptive immune system, as well as its ability to evade recognition by the adaptive immune system.

I will then present a manuscript (Hamelin et a/, 2021) in which collaborators and I investigated

XVl



the global mutational landscape of SARS-CoV-2 during the first year of the pandemic, and its

ability to enable CD8+ T lymphocyte escape in an HLA supertype-dependent manner.
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1 CHAPTER I: Literature review

1.1 SARS-CoV-2

1.1.1 Introduction of the virus

The current Coronavirus Disease 2019 (COVID-19) pandemic, caused by the Severe Acute
Respiratory Syndrome Coronavirus 2, has resulted in 5.2 million deaths and 260 million cases
worldwide. Every large-scale pandemic experienced by humanity has been mitigated using
approaches befitting of the era. The black plague of the 14" century, the first recorded pandemic,
was mitigated by the first known instances of public health measures including limited travel and
quarantines. Several centuries later, the Great Influenza of 1918 was mitigated by much more
sophisticated, rapid health response. Recent analyses demonstrated that cities in which more
stringent and rapid social restrictions were implemented experienced lower mortality rates (5,6).
The Human Immunodeficiency Virus (HIV) pandemic of the late 20" century benefited from
modern science, with the development of assay-based diagnostic tools and Antiretroviral Therapy
(ART). However, the COVID-19 pandemic marks a turning point in the medical journey of our
species. The rise of cutting-edge discoveries in conjunction with the advent of globalization has
equipped the nations of the world with a unique set of tools to tackle this pandemic. Since the
emergence of the virus in December 2019, astounding global research efforts have been aimed at
contributing to our understanding of the inner workings of the virus, its pathogenicity, as well as
the various defense mechanisms deployed by the human body to counteract infection. Our
approach to this pandemic did not only make use of an unprecedented level of international
collaboration but also of the many recent advancements of modern science. For example, early in

the pandemic, research groups were able to rapidly characterize many features of human immune



response to SARS-CoV-2; the field of structural biology quickly solved the structure of the Spike
glycoprotein, responsible for viral entry into host cells via an interaction with the ACE2 receptor;
the early development of diagnostic tools was able to quickly inform public health response. These
scientific achievements, along with many others, quickly established an informed platform upon
which pharmaceutical companies and public health organizations could generate solutions. In this
section, we will discuss the biology of SARS-CoV-2 as well as its relationship with the human
adaptive immune system.
1.1.1.1 Close relatives and previous outbreaks

In the wake of the COVID-19 pandemic, companies such as Pfizer, AstraZeneca and
Moderna were able to rapidly put forth putative vaccines. Although this feat can be attributed to
the impressive wave of global collaboration that ensued the declaration of a global pandemic, many
of the biological, immunologic and pathogenic features of the virus were already partially
understood due to outbreaks from its predecessors. The coronaviruses constitute a large family of
zoonotic viruses which can be separated into the following genera: Alpha, Beta, Gamma, and Delta
coronavirus (7). First identified in 1962, coronaviruses were originally associated with mild
gastrointestinal and respiratory infections in mammals (8,9). The Sarbecovirus subgenus of
Betacoronavirus has been of greatest medical and epidemiologic interest throughout the last few
decades, as the species identified within this subgenus have been associated with fatal infections
in the lower respiratory tract of humans (10,11). These include Severe Acute Respiratory
Syndrome Coronavirus (SARS-CoV) which caused an outbreak resulting in~8000 cases in
2002/2003, as well as the Middle East Respiratory Syndrome Coronavirus (MERS-CoV), causing
an outbreak in Saudi Arabia in 2012 (12,13). Genomic analyses have revealed that SARS-CoV

and MERS-CoV possess 79% and 50% conservation, respectively, with SARS-CoV-2 (14,15).



The virus with highest similarity to SARS-CoV-2 was identified as the horseshoe bat coronavirus
RatG13 (Rhynolophus Affinis) with 96% sequence similarity, suggesting horseshoe bats as the
most likely origins for SARS-CoV-2 (14). However, accurately and confidently tracing the
evolutionary path of SARS-CoV-2 proves to be a challenge due to the high recombination rate
characteristic of coronaviruses (16). Regardless of the complete origin of SARS-CoV-2, the high
mutation rate in the Receptor Binding Domain (RBD) of the Spike Glycoprotein has been
identified as a key determinant of host repertoire (16,17) and has paved the way for SARS-like
viruses to infect humans. Indeed, genomic modifications to the RBD enabled the Spike
Glycoprotein to interact with the human ACE2 surface receptor (see section 1.3.1.2 for more
details) (17). Studies attempting to compare SARS-CoV-2 to its relative, SARS-CoV, have
identified key features within the Spike Glycoprotein differentiating the two viruses. These include
an enhanced binding interface between Spike and ACE2 to facilitating viral entry into host cells,
as well as the addition of a furin cleavage site within the Spike protein to improve the infectious
cycle (17). Structural and biochemical investigations demonstrated these changes to play key roles
in the increased infectivity of SARS-CoV-2.

The emergence of SARS-CoV and MERS-CoV have both sparked much research into the
epidemiology, infectivity, and biology of SARS-like coronaviruses. These investigations have led
findings pertaining to the identification and characterization of the proteins making up the
proteome of SARS-CoV (and SARS-CoV-2), the pathologies and life cycle of SARS-like viruses,
as well as the relationship between SARS-like viruses and the human immune system. These
findings all contributed to the initial development of diagnostic tools, as well as the rapid

development of highly effective vaccines within one year.



1.1.1.2  SARS-CoV-2 Protein composition

SARS-CoV-2, like most viruses, is elegantly simple in its genomic and proteomic
composition. Composed of a 29,903 base-pair single-stranded ribonucleic acid (ssRNA) genome,
the SARS-CoV-2 proteome constitutes 14 Open-Reading Frames (ORFs) resulting in 27 proteins.
These are made up of a combination of structural as well as non-structural, and in-frame as well
as out-of-frame proteins (Figure 1.1).

The 5’ end of the viral genome encodes for the genes ORF1a and ORF1ab, resulting in the
polyproteins ppla and pplab, respectively. These genes are the largest, taking up around two-third
of the viral genome. Following translation, these polyprotein products are cleaved into 15 non-
structural proteins (nsps). The polyprotein ppla results in nsps 1-10, while pplab results in nsps
12-16. Together, these non-structural proteins play a variety of roles in involved in processes
including viral replication, protein translation, and resistance to host innate immunity. The
remainder of the SARS-CoV-2 genome is made up of four structural proteins, namely the Spike
Glycoprotein (S), the Nucleocapsid protein (N), the Envelope protein (E), and the Membrane
protein (M), as well as an assortment of additional open reading frames referred to as the accessory
proteins. Briefly, the E protein interacts with the human PALSI1, altering the tight junction
formation and promoting the pathogenesis of SARS-CoV-2 (18). The M protein is involved in the
assembly of virions, as well as their budding following viral replication (19). The N protein is a
multifunctional protein with roles in viral replication. The N protein to possesses two RNA-
binding domain, the N-terminal Domain (NTD) and the C-terminal Domain (CTD) linked by a
disordered, serine/arginine-rich region. In part due to the positively charged linker region, this

protein was shown form a complex with viral RNA, facilitating the transportation of RNA to the



replication transcription complex (RTC) (20,21). However, the N protein was also shown to be
involved in RNA transportation in collaboration with the M protein following RNA replication,
thus indicating the multivalent roles of this protein (20,22).

The S protein has unequivocally been subject to the greatest proportion of scientific
investigations aimed at SARS-CoV-2 proteins. Being amongst the most abundant of the SARS-
CoV-2 proteins, and being a key player in facilitating viral entry into host cells, the Spike protein
has been of great interest in the development of both therapeutic as well as prophylactic treatments.
The S protein, 1273 amino acids in length, is composed of two subunits: S1 and S2 (23). The
former is composed of an N-terminal Domain as well as a Receptor-Binding Domain, and the latter
is composed of five discrete domains: the Fusion Peptide (FP, or S2°), HeptaPeptide Domains 1
and 2 (HPD1/2), a Transmembrane Domain (TMD), as well as a Cytoplasm domain (CD) (23—
26). The primary role of the Spike protein is to bind to the human cell surface receptor Angiotensin
Converting Enzyme 2 (ACE2), thus permitting viral entry into the cell (24,27). The Spike S1 RBD
was shown to be the primary point of contact within the confines of this interaction, making it a
key mediator of viral entry into host cells (27,28). As such, disruption of the RBD-ACE2 binding
interface has proven to be the most direct route to inhibit viral entry into the cell, and has been
exploited by antibodies (infection- and vaccine-induced, inhibitors as well as therapeutic
monoclonal antibodies) (25,27-31). Finally, the SARS-CoV-2 proteome is composed of a variety
of accessory proteins, namely ORF3a/b/c/d, ORF6, ORF7a/b, ORF8, ORF9b/c, and ORF10. (32).
These accessory proteins are much less well understood than those mentioned above, and the
features that are understood were acquired during previous investigations of SARS-CoV and
MERS-CoV (33). Inquiries thus far have demonstrated that this collection of accessory proteins

are in fact not essential to the life cycle and replication of SARS-CoV-2, but rather are involved



in its pathogenicity and in host-virus interactions (34). In corroboration with these statements,
mutations within a number of these accessory proteins were described in Variants of Concerns

(VOCs) associated with increased infectivity.

Previous SARS-CoV and MERS-CoV outbreaks as well as the current SARS-CoV-2 pandemic
have provided the scientific community with ample opportunity to investigate the various
structural and non-structural proteins making up coronaviruses. However, only a minority of these

proteins have been considered as targets of interest for prophylactic and therapeutic treatments.
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1.1.2  Evolution of the virus throughout the pandemic

The current SARS-CoV-2 pandemic represents the most recent addition to an extensive list
of deadly infectious pandemics that have challenged humans. Other well-known components of
the list include the Black Plague (Yersinia pestis, 14" century), the Great Influenza (1918), and
HIV/AIDS (1980-present). However, although the current pandemic will join previous pandemics
when judged on its medical, societal, and economic impacts, it will mark a turning point in history
due to an unprecedented ability to mediate the disease with such rapid response time. One of the
initial responses to the pandemic was the initiation of a never-before-seen level of international
collaboration, resulting in massive sharing of data and a push toward open science. Downstream
effects of this global collaborative effort included the rapid characterization of SARS-COV-2
biology, the identification of putative therapeutic targets/agents, as well as the design and approval
of multiple highly effective vaccines within a year. Another key outcome was a global initiative
to share virtually all sequenced SARS-CoV-2 genomic data, thus drastically facilitating the global
monitoring of SARS-CoV-2 evolution. As such, the scientific community was able to track in
near-real-time the evolution of the virus in a global pandemic setting. This effort allowed for the
rapid characterization of emerging viral strains, and the eventual identification of Variants of
Concern. The current pandemic provided a unique opportunity to track the evolution of the virus,
and to identify adaptation events with the potential to jeopardize the effectiveness of public health

interventions.

1.1.2.1 SARS-CoV-2 sequencing technologies
Beyond the unprecedented collaborative efforts observed over the course of the

pandemic, the ability of the scientific community to closely monitor the evolution of SARS-



COV-2 in near real-time can be attributed to the multiple rapid and accurate sequencing
technologies that have been developed and applied in the context of virology. To this end,
guidelines were established to standardize and optimize sample collection so as to ensure the
generation of high-quality sequencing data (36,37). In accordance to said guidelines, high quality
SARS-CoV-2 genomes were successfully sequenced from samples originating from the upper
and lower respiratory tracts, although genomes were also acquired form feces and urine samples.
Next-Generation Sequencing (NGS) has quickly become the method of choice for the
sequencing of viral genomes, and SARS-CoV 2 is no exception. Multiple NGS-based
approaches as well as protocols for the preparation of libraries were generated for the sequencing
of SARS-CoV-2 (38—40).

Shotgun Metatranscriptomics. Shotgun Metatranscriptomics is a powerful method
enabling the sequencing of all genomic material within a culture-independent sample.
Metatranscriptome sequencing was involved in the initial discovery of SARS-CoV-2 (14,41) and
has since yielded an array of complete and near-complete genomic assemblies of SARS-CoV-2.
However, despite its ability to capture numerous microbial species, SARS-CoV-2 strains, as well
as host genetics, metatranscriptomics is not without its drawbacks. In the context of the current
pandemic consists of the limiting cost-effectiveness of the method when it comes to large-scale
genomic surveillance, due to the high sequencing depth required (42).

Amplicon-based sequencing. While metagenomics/metatranscriptomics enables the
analysis of all genomic material within a sample, amplicon-based approaches provide a much
more targeted route of analysis. Nevertheless, the latter requires substantial prior knowledge
regarding the organism of interest and can therefore not be utilized in species/strain discovery.

Amplicon-based sequencing involves the initial enrichment of targeted genomic material via



first-strand cDNA synthesis. Genomes are then amplified using a multiplex PCR approach
(Multiplex PCR Targeted Amplicon Sequencing, or MTA-seq). Due to its high specificity and
robustness, MTA-seq approaches require less material than metagenomic approaches. Dohl et al.
optimized a highly efficacious and cost-effective amplicon-based method, which was
implemented by the ARTIC network as a SARS-CoV-2 genomic surveillance approach (42).
This method was later further optimized using nanopore-based long read sequencing (43).

Hybrid capture-enrichment Sequencing. In this approach, shotgun libraries are denatured
and subsequently hybridized to nucleic acid probes, which are generally biotinylated to enable
streptavidin-based isolation of genomes (44,45). In the context of SARS-CoV-2, hybrid capture
was found to have lower sensitivity than amplicon-based approach (46). Nevertheless, due to the
longer probes used (~120bp), hybrid capture approaches have a higher tolerance for mutations
within the targe sequences, thus minimizing the risk of probe failures caused by probe-target
mismatches . As the majority of sequences deposited on the Global Initiative for Sharing Avian
Influenza Data (GISAID) were generated by amplicon-based sequencing, we may experience the
accumulation of a bias caused by SARS-CoV-2 mutation-driven amplicon failure.

Although diverse in utilities, these methods have contributed to the discovery and the on-

going genomic monitoring of SARS-CoV-2.

1.1.2.2 Initial evolution (First months/first year)

The mutation rate of coronaviruses is lower than other RNA viruses due to the presence of
a proofreading mechanism carried out by nspl4 (3’-5’ exoribonuclease), making the genomic
diversification of SARS-CoV-2 a relatively slow process (47). Nevertheless, Mutations within the

SARS-CoV-2 genome were quickly identified as a potential challenge in the public health response



against COVID-19. Although most mutations are neutral and do not modulate viral fitness, some
may become fixed within the population due to positive selection. The accumulation of such
genomic variations may confer the ability of zoonotic RNA viruses to overcome their host’s
various defense mechanisms. A mutation substituting an Aspartic acid (D) for a Glycine (G) at the
614" position of the spike protein (S:D614G) in SARS-CoV-2 was identified in January 2020 and
consisted of the first Spike protein variation to become predominant (48). This mutation was
characterized as a recurrent mutation, gaining prevalence in distinct geographical regions
simultaneously. This mutation was not only associated with higher viral loads in the upper
respiratory tracts of infected individuals but was also associated with enhanced growth in
pseudoviral experiments, suggesting it capacity to confer a fitness advantage to the virus (48). The
early identification of this viral fitness-enhancing variant evidenced the importance of monitoring
the global evolution of the virus for subsequent mutations with possible impacts on viral fitness,

infectivity, and pathogenicity.

1.1.2.3 SARS-CoV-2 surveillance and data-sharing platforms

Early in the pandemic, several initiatives were put in place to facilitate the tracking of
genomic variations on a global setting. These included GISAID as well as NextStrain (49,50) (see
section 1.3.2.2 for more detail). Both platforms were put in place several years prior to the
pandemic, in response to infectious disease outbreaks such as SARS-CoV, MERS-CoV, H5N1,
Ebola and Acquired Immunodeficiency Syndrome (AIDS). Due to their prior establishment and
proven track record, they represented ideal platforms to quickly initiate the genomic surveillance

of SARS-CoV-2.
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GISAID. Launched in 2008, GISAID was established to incentivize and facilitate the
sharing of infectious disease-related genomic data. Although the open sharing of scientific data
provides many advantages, the concept of open science has received received criticism. Some
researchers fear that others will prevail in the ‘Race-to-publication’ using their data, while certain
countries may want to closely monitor the sharing of data to encourage well-defined scientific
collaborations. Additionally, countries may use caution when sharing data regarding the outbreak
of novel pathogens to avoid being held accountable. The aim of GISAID was to promote
international data-sharing while addressing concerns related to open science. This was achieved
with the development of a data-sharing agreement providing protection to contributors while
ensuring proper accreditation of all authors.

Prior to the current pandemic, GISAID was already established as a prominent contributor
to open science. By 2016, it had accumulated over 650,000 viral sequences within its own
database, EpiFlu™, and these were submitted by more than 850 institutions. In addition, GISAID
and EpiFlu™ were already widely used by the World Health Organization (WHO). However, the
paradigm-shifting feature of the data-sharing platform came to light over the course of the COVID-
19 pandemic. Having accumulated more than 6,162,679 SARS-CoV-2 sequences by late 2021,
GISAID provided a unique opportunity for research groups around the world to contribute to the
rapid and in-depth genomic surveillance of SARS-CoV-2 (51). Additionally, GISAID developed
a series of visualization tools to allow the public and scientific community to monitor the
dispersion of the virus and its various strains (52). However, the platform is not without its caveats.
The majority of SARS-CoV-2 sequences were contributed by a few wealthy countries such as the
United States and the United Kingdom, while numerous countries lacking the proper viral

surveillance infrastructure have been significantly underrepresented. Examples include El
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Salvador and Lebanon, which have contributed very few sequences despite having significant
exposure to COVID-19 (53). This disproportionate contribution of sequences was criticized for
introducing bias when considering the global prevalence of genomic variants. Nevertheless,
EpiFlu™ quickly became the largest database of SARS-CoV-2 genomic sequences, and has
enabled the scientific community to contribute to our understanding of the virus while promoting
scientifically informed public health initiatives.

NextStrain: Released in 2015, the primary role of NextStrain was to facilitate the analysis
and visualization of phylodynamic trends pertaining to viral outbreaks, epidemics and pandemics
(49). Using a python-based framework, NextStrain was developed to build and maintain a database
composed of viral sequences from other publicly available repositories, including GISAID and
NCBI (Figure 1.2). In addition, the NextStrain platform is equipped with a suite of phylogenetic
tools enabling a series of analyses pertaining to the temporal, geographical, and phylogenetic
features of viral epidemics, culminating in the implementation of a Maximum Likelihood
phylodynamic-based framework (54,55). Importantly, the NextStrain platform was designed to be
adaptable to any existing or novel viruses, making it an ideal tool to tackle the current SARS-CoV-
2 pandemics.

Other Platforms: Additional tools were developed to further address the accumulation and
diversification of SARS-CoV-2 sequences made available to researchers around the world. These
tools, which include CoVariant, CoVizu and Outbreak.info amongst others, were designed to
complement and enhance the analytical and visualization tools made available through NextStrain
and GISAID (56-58). Importantly, the development and establishment of these tools was enabled
by the large-scale, open sharing of viral sequences by GISAID. The outbkreak.info platform acts

as a standardized repository for a wide range of SARS-CoV-2-related data types, including
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COVID-19 epidemiology (cases/deaths), emerging SARS-CoV-2 variants, as well as the sharing
of SARS-CoV-2-related publications, clinical trials, laboratory protocols, and datasets (58). The
CoVariant platorm consists of a comprehensive web-based tool providing detailed information
regarding existing and emerging lineages of interests. The information pertains to relevant VOC-
specific mutations, their evolutionary context, their clinical relevance, and structural modelling of
mutated proteins (56). Finally, CoVizu provides additional means of analyzing the diversification
of SARS-CoV-2 over the course of the pandemic by constructing phylogenetic trees in a temporal
context (57). CoVizu then utilizes beadplots to allow users to visualize near real-time analysis of
epidemiologically relevantSARS-CoV-2 strains.

Together, the data-sharing infrastructure of GISAID combined with the data analytics and
visualization tools provided by NextStrain and other tools established an ideal ecosystem to

facilitate the global, collaborative, and in-depth genomic surveillance of SARS-CoV-2 outbreaks.

1.1.2.4 Methods used to characterize mutations

The enormous amount of data made available to the scientific community by GISAID and
NextStrain had for effect to engender the development and application of a flurry of established
and emerging bioinformatic tools aimed at interrogating the evolution of SARS-CoV-2 (51,52).
However, the wide array of phylogenetic and evolutionary investigations that ensued, in the
context of an active pandemic, resulted in an urgent need for robust naming conventions. In efforts
to standardize the naming of SARS-COV-2 strains, three prevailing nomenclature schemes were
introduced: the clade nomenclatures developed separately by NextStrain and GISAID, as well as
Pango lineages, pioneered by Rambaut et al. (2020) (Figure 1.3) (1,3,52). The clade nomenclature

systems were designed to monitor the general, high-level diversification of SARS-CoV-2. In
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Figure 1.2. Phylogenetic representation of SARS-CoV-2 evolution powered by NextStrain, acquired from the GISAID
platform. Here, lineages are colored according to the GISAID clade nomenclature (acqruied from GISAID website)
(59).

(51,52)(1,3,52)contrast, Pango lineages were developed to conduct fine-grain surveillance while
actively tracking outbreak events.

Clade nomenclature (NextStrain). The NextStrain clade nomenclature consists of a naming
system aimed at monitoring highly frequent and geographically widespread viral strains (60). In
this nomenclature system, a new clade is defined when it attains a 20% global frequency and
possesses a minimum of 2-mutations difference from the parent clade (60). New clades are then
named based on the year of their definition, as well as a letter corresponding to the order in which
clades occurred. Following these guidelines, NextStrain initially defined five clades. The first two
clades, 19A and 19B, were defined in Asia and were separated by the mutations C8782T (silent)
and T28144C (Orf8:L84S). Upon gaining prevalence in Europe, clade 19A gave way to clade 20A,
defined by the addition of mutations C3037T (silent), C14408T (ORF1ab:P314L), and A23403G
(Spike:G614G). Clade 20A then gave way to clades 20B and 20C. The former, located in Europe

was defined by the addition of a triple mutation, G28881A (N:R203K), G28882A (N:R203K) and
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(G28883C (N:G204R). The latter, localized in North America, was defined by the addition of
C1059T (ORF1a:T2651) and G25563T (ORF3a:Q57H).

Clade nomenclature (GISAID). Unlike the NextStrain approach, the GISAID clade
nomenclature utilized a statistical approach to define phylogenetic clusters (2). Namely, the
Phylogenetic Clustering by Linear Integer Programming (PhyCLIP) was used to determine
genome distances and define lineages (61). The latter were then combined based on similarities in
mutational definitions, resulting in major clades. Using this approach, GISAID defined 7 distinct
clades (in order of occurrence): S, L, V, G, GK, GH, GR, GV, and GRY. The mutational definitions
have been outlined by GISAID (2).

Pango Lineages. Pango lineages, as defined by Rambaut ef a/ (1), has become the most
widely used nomenclature within the scientific community as well as major news outlets. While
the methods employed by GISAID and NextStrain to generate their respective clade nomenclatures
produced general phylogenetic trends, the approach helmed by the Pango method provides a much
more detailed account of viral evolution (3). This innovative system was designed to actively
monitor lineages contributing to viral spread while marking lineages that have likely become
inactive. This scheme resulted in a continually evolving nomenclature system with an emphasis
on outbreak-associated events (1). As such, this dynamic nomenclature system was not developed
to continually track every single change occurring within the viral genome, but rather to shed light
on important evolutionary events with relevance to the context of public health interventions. In
efforts to develop such a nomenclature, Rambaut et al. developed the following set of rules (1):
Lineages should not only diverge from the parent lineage, but expand in a new geographical area.
Divergence from parent lineages should be demonstrated using the following logic: 1) A new

lineage should diverge from its parent by at least two mutation events; be identified in at least 5
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high quality genomes (>95% coverage); result in a bootstrap value >70%; genomes within the
lineage should share at least one mutation event. Furthermore, the system designed by Rambaut et
al. dictates that major lineages be designated by a letter, and that descending lineages be assigned
numerical annotations (ex. A.1, A.2.1, B.1, B.2.1). To encourage a simple and dynamic system,
each major lineage is only afforded three levels (after which a new major lineage is designated
(ex: A.1.1.1.2 = Cl).

The initial designations made using this nomenclature corroborated those made by the clade
systems discussed above. Two major lineages, A and B, were identified based on mutation events
at nucleotide positions C8782 and T28144. Subsequent designations included major outbreak
events in the USA (A.1, A.3) and Europe (A.2, A.5), as well as some important initial outbreak
events in Italy (B.1, B.2), the UK (B.3) as well as (probably) Iran (B.4). The Pango lineages have
contributed to the designation of variants of concern, including the variants designated as Alpha
(B.1.1.7), Beta (B.1.351), Gamma (P.1) and Delta (B.1.617).

Haplotype networks. The use of phylogenetics to assess the relationship between sequences
is computationally taxing and suffers a reduction in efficiency with an increasing number of
genomic sequences, which could prove problematic given the 10 million SARS-CoV-2 sequences
currently located in the GISAID EpiFlu database. An alternative approach consists of assessing
mutation frequencies in a temporal context, and to build a haplotype network based on the temporal
frequencies of driver mutations (62—64). Phylogenetic trees expect sequences belonging to
ancestor nodes to no longer occur and to only be represented in said ancestor nodes. In contrast,
haplotype networks are compatible with scenarios where sequences belonging to ancestral nodes
and those arising in current nodes may be observed in the same temporal timeframe, which is the

case with the current sampling of SARS-CoV-2. Haplotype networks were in fact applied to
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SARS-CoV-2 sequences early in the pandemic (64). To further take advantage of the compatibility
between the haplotype network approach and the current sampling scheme of SARS-CoV-2, our
group generated a haplotype network (62). The latter was applied to characterize the mutational
diversity of SARS-CoV-2 in a temporal context throughout the first year of the pandemic. To this
end, a set of mutations found to rapidly expand over the course of the pandemic were identified
and used to define haplotypes. Derived Allele Frequencies (DAF) were considered for the selection
of these mutations and resulted in 22 genomic positions. These were found, for the most part, to
corroborate the genomic positions considered in the generation of the Pango- and clade- based
lineages discussed above. Notable mutations include the early mutations C241U, C3037U,
C4408U and D23403G, as well as the triple mutation G28881A, G28882A, G28883C. This
haplotype analysis, conducted on sequences from the first year of the pandemic, resulted in 122
distinct haplotypes containing each at least 10 sequences. Of these, 17 haplotypes were found to
be representative of the dominant lineages describing the evolution of the virus throughout the first
12 months of the pandemic. Comparison between the lineages identified using the haplotype
network, Pangolin, and the NextStrain approaches resulted in a high level of similarity, although
some discrepancies arose. Namely, the haplotype network was able to achieve a higher level of
granularity than the NextStrain clade system (62). For example, the NextStrain clades 19A and B
were separated into haplotypes I and IV, and haplotypes III and IX, respectively. In contrast, the
haplotypes identified using the 22 genomic positions differed from the Pango lineage designations
with regards to lineage B.1. The sequences composing this lineage were in fact assigned to three
evolutionarily distant haplotypes, labeled as haplotypes II, IIIl and VIII. The use of haplotype
networks therefore offers a level of granularity unobserved in alternative methods. However, the

evolutionary resolution achieved by the haplotype network approach could not differentiate all
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VOC:s. Using the set of chosen genomic positions to conduct haplotype definitions, the Alpha and
Gamma variants were grouped within haplotype XV.

Overall, each of the four nomenclature schemes described here present specific advantages
as well as caveats, offering a range of granularity. An optimal approach for the monitoring of

SARS-CoV-2 evolution would likely involve a combination of these nomenclatures.

1.1.2.5 Variants Of Concern

The diversification of SARS-CoV-2 has been a point of concern for public health responses
around the world. Although the majority of mutations result in changes that are either neutral or
detrimental to viral biology, some genomic variations may improve viral fitness, pathogenicity or
infectivity (65—-68). Such mutation events could eventually impede the ability of public health
initiatives to detect, treat or prevent SARS-CoV-2 infections (69). Initial surveillance largely
resulted in the identification of single mutations of interest, including the D614G mutation in the
spike glycoprotein. Although other mutations became fixed early in the pandemic, this substitution
was extensively investigated given it’s demonstrated impact on infectivity and transmissibility
(48,70). Additionally, the early genome cluster characterized by this mutation, referred to as the
B.1 lineage, was also accompanied by other linked mutations including P323L within ORF1ab.
These may have aided the Spike:D614G mutation by conferring viral fitness.

The accumulation of mutations within the SARS-CoV-2 genome, in combination with
effective nomenclature systems, eventually led to the characterization of SARS-CoV-2 lineages

composed of numerous co-occurring mutations. Epidemiologic and pathogenic inquiries into these
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systems respective to GISAID and NextStrain, as well the Pango lineages. Figure adapted from Alm et al. 2020 (3).

lineages have resulted in terminology to characterize their relevance to public health. These
include Variants Of Concern (VOCs), Variants Of Interest (VOIs), Variants Under Monitoring,

and Variants Of High Consequence (VOHC) (69,71).
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VOCs. SARS-CoV-2 lineages are flagged as VOCs when their impact on the infectivity,
transmissibility, or pathogenicity of the virus has direct relevance to public health (67,68,72). In
July 2021, the World Health Organization (WHO) published a naming scheme for referring to
VOC:s (4). The use of nomenclatures developed by NextStrain, GISAID and Pangolin resulted in
complex names, and the use of countries of origin (ex. UK variant) produced stigmatization. In
efforts to facilitate the dialogue between public health, the scientific community, and the public,
the WHO established the use of Greek letters to denote VOCs (4). The first such variant, Alpha
(B.1.1.7), was associated with 22 genomic variations including 7 non-synonymous substitutions
and 3 deletions within the Spike glycoprotein. Original phylogenetic and epidemiologic analyses
of the virus suggested its increased transmissibility (73,74). In addition, several mutations have
been shown to impact the life cycle of the virus. The N501Y mutation was shown to facilitate the
entry of the virus into the cell by enhancing the interaction between the Spike glycoprotein and
ACE2 (75,76); the P681H mutation was shown to inhibit the cleaving of the Spike glycoprotein
by furin, thus impeding on the infectious cycle of SARS-CoV-2 (77,78); deletions of residues 69
and 70 were found to interfere with recognition by antibodies and enhance viral entry into host
cells (79). Subsequent VOC:s, including Beta (B.1.135) and Gamma (P.1), were also associated
with higher transmissibility, as well as mutations increasing viral entry into host cells and
promoting immune evasion (80-86). The fourth VOC, Delta (B.1.617), has been of great interest
to the public health sector and scientific community. This interest stemmed from its rapid spread
across the globe, causing it to become the dominant lineage (87). Of the numerous substitutions
making up this variant, several Spike protein mutations have been shown to contribute to public
health-relevant phenotypes (88). These include L452R, E484K, T478K and P681R. The former

two were found to enhance the Spike-ACE2 interface, thus improving viral entry into host cells;
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P681R was found to facilitate Spike cleaving by furin; and although T478K has not been directly
investigated, a similar T478 substitutions (T4781) was found to affect viral recognition by
antibodies (89). The SARS-CoV-2 lineage most recently classified as a VOC was Omicron
(B.1.1.529). This variant was first identified in South Africa in November 2021, and quickly
acquired the status of VOC due to an unprecedented number of mutations as well as elevated
transmissibility. This variant contains over 50 amino acid mutations, over 30 of which are found
in the spike protein. Strikingly, 15 of these mutations were found within the Spike RBD. As
previous studies demonstrated the immunodominance of the RBD and the ability of RBD-localized
mutations to modulate the neutralizing activity of antibodies, the scientific community rapidly
hypothesized as to the antibody-escaping potential of Omicron (90,91). Indeed, multiple studies
confirmed the ability of Omicron-associated mutations to enable significant evasion from
antibodies while facilitating transmission (92-94). Additionally, Omicron was experimentally
shown to partially evade vaccine-induced neutralizing antibodies (95).

VOIs. The current list of VOCs has been the focus of recent research efforts and public
health initiatives due to their ability to enhance transmissibility, pathogenicity, infectivity and/or
immune evasion, as well as leading to drastic rises in infection rates. Beyond these VOCs, attention
has been allocated to a growing list of variants under surveillance, known as Variants Of Interest
(VOIs). The WHO has defined VOIs as lineages containing non-synonymous mutations suspected
or known to modulate infection phenotypes, and to lead to increased transmission in at least one
country. Former examples of VOIs included several lineages characterized by the E484K
mutations found in multiple VOCs, such as VOIs Zeta (P.2), Theta (P.3) and lota (B.1.526)
(69,71). Eta, a VOI identified in both the United Kingdom and Africa, possesses the E484K

substitution as well as several deletions found within the Alpha. These lineages have now been re-
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designated as Variants Under Monitoring (VUMSs). The current list of VOIs is dynamic and will
continue to change with the on-going evolution of the virus, and with the expanding capacity of
genomic surveillance initiatives.

VUMs. Variants Under Monitoring (VUMs) consist of SARS-CoV-2 lineages for which
careful monitoring is warranted due to the possibility for future risks to public health (69,71). At
the time of designation, however, the pathogenic and epidemiologic features of VUM lineages

remain poorly understood and therefore require further investigation.

1.1.3 SARS-CoV-2 and the adaptive immune system

Understanding humans’ biological defense lines against SARS-CoV-2 is the first step in the
development of effective prophylactic treatments. As it is the case with other coronaviruses,
SARS-CoV-2 engages all three arms of the host’s adaptive immune response upon infection: B
cells (antibodies), CD8+ T cells, and CD4+ T cells. Humoral response is in fact the first adaptive
immunity-based line of defense against the virus, with IgG and IgM being the main antibodies.

Adaptive immune response in the context of SARS-CoV. In the case of SARS-CoV, following
the 2003 outbreak, antibodies against the Nucleocapsid (N) as well as Spike Glycoprotein (S) were
found to be associated with better viral clearance and disease outcome(96—99). The humoral
response was characterized as being composed primarily of IgG and IgM antibodies, with IgG
titers being detectable in all patients within 14-210 days following infection, while IgM antibodies
reached peak titers at 30 days and were undetectable after 120 days (97). Notably, viral
neutralization was shown to correlate with convalescence (96,97,100). However, despite the
undeniable value of humoral immunity with regards to SARS-CoV viral clearance, antibodies

remain relatively short-lived. Anti-SARS-CoV antibodies were in fact found to be undetectable

22



after 2 to 3 years following SARS-COV infections (101-103). In the case of SARS-CoV-2,
neutralizing antibodies have proven to be an effective diagnostic tool, an indicator of acuteness of
infection as well as playing an important role in the clearance of the virus. However, as with SARS-
CoV, antibody responses in SARS-CoV-2 have proven to wane relatively quickly, with antibody
titers reaching baseline as quicky as 50 days after infection in some cases(104). In contrast, T cell
memory appears to persist for much longer, with SARS-CoV-specific CD8+ T cells detected up
to 11 years following infections in some cases (105). The role of CD4+ and CD8+ T cells in
establishing protection against SARS-CoV as well as MERS-CoV has been thoroughly
investigated and demonstrated over the last two decade (100,106—111). Studies consisted primarily
of analyses of SARS-CoV and Middle East Respiratory Syndrome-related Coronavirus (MERS-
CoV) convalescent peripheral blood mononuclear cells (PBMCs), or BALB/c mice. The consensus
of these studies is that a large proportion of the cellular-based immune response is aimed at
structural proteins, namely the N, S and Membrane (M) protein, although cytokine release has
been detected in response to ORF3a. Airway CD4+ memory T cells were shown to effectively lead
to cross-protection against SARS-CoV and MERS-CoV in BALB/c mice through induction of
interferon-gamma (IFN-y) production as well as CD8+ T cell activation (112). A 2008 study of
128 convalescent SARS-CoV patients found that CD4+ T cell responses were correlated with
disease severity (107). With regards to functionality, polychromatic flow cytometric analyses
demonstrated that individuals with mild-to-moderate disease symptoms were associated with
CD4+ T cells producing a single type of cytokine, whereas severe SARS-CoV cases were highly
correlated with the production of multiple cytokines (INF-p, IL-2 and TNF-q). CD8+ T
Lymphocyte-mediated immunity was shown to play a key role in fighting off SARS-CoV

infections. Long-lasting CD8+ T cell immune responses were characterized against
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immunodominant epitopes sourced from the Spike Glycoprotein, the Nucleocapsid, as well as
ORF3a (109-111,113-118). As an example, multiple studies validated the efficacy of Spike
protein epitopes in inducing strong CD8+ T-cell immune responses in transgenic mice models in
the context of HLA-A02:01 (109,113). In agreement with these findings, the CD8+ T cell response
to two immunodominant SARS-Spike protein peptides, S436 and S525 were investigated in mice
challenged with a lethal dose of SARS-CoV (118). S436 and S525 were shown to not only lead to
the significant expansion of S436/S525-specific CD8+ T cells in infected mice compared to control
mice, but the CD8+ T cells were also associated with significant production of INF-y, TNF-a, and
granzyme-B. The resulting CD8+ T cells shown to possess high cytotoxicity in vivo.

Adaptive immune response in the context of SARS-CoV-2. As a result of the vast array of
coronavirus-related investigations sparked by the SARS-CoV (2003-2004) and MERS-CoV
(2012) epidemics, the on-going SARS-CoV-2 global pandemic was preceded by over 15 years of
research on closely related lethal viruses. Nevertheless, the initial 6 months of the SARS-COV-2
global pandemic saw the generation of a massive wealth of information concerning the adaptive
immune response against SARS-CoV-2. The majority of early findings regarding T Lymphocyte-
based immunity against SARS-CoV-2 originated from in silico investigations, principally due to
the time and cost-effectiveness of such approaches. These were largely aimed at predicting HLA -
dependent Cytotoxic T lymphocytes (CTL) epitopes in the context of vaccine development (119—
122). The first such study, by Grifoni et al, investigated the three antigen-dependent arms of the
adaptive immune system (119). Using sequence homology between SARS-CoV-2 and SARS-CoV
as well as bioinformatic predictions, a vast array of putative B cell as well as T cell epitopes were
identified in the hopes of facilitating vaccine design. In a separate study, Major Histocompatibility

Complex (MHC)-binding predictions of 32,257 peptides from SARS-CoV-2’s proteome were
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computed against 145 HLA genotypes to characterize the propensity of all 145 HLA types to
present SARS-CoV-2 epitopes (121). This extensive analysis led to the ranking of numerous HLA
types based on their predicted ability to present viral epitopes, with HLA-B15:03 predicted to be
amongst the HLA types able to present the highest diversity of SARS-CoV-2 epitopes, and HLA-
B46:01 was predicted to present the lowest diversity of SARS-CoV-2 epitopes. While entirely
predictive, this analysis proved informative with regards to establishing a link between HLA
genotype and the extent of anti-SARS-CoV-2 CTL response. Beyond solely predictive analyses,
experimental research efforts quickly led to the detailed characterization and validation of CD4+
and CD8+ T lymphocyte viral epitope landscapes along with the breadth of CTL responses against
validated and predicted SARS-CoV-2 epitopes (122,123). In a study by Grifoni ef al , using
activation induced marker (AIM) assays and intracellular cytokine staining, CTL responses were
quantitatively (magnitude) and qualitatively (cytokines) queried for a large array of CD4+ and
CD8+ T-cell epitopes in the form of ‘MegaPools’ (MP). CD4+ response was determined to be
predominantly aimed at the Spike glycoprotein, although strong responses were also observed for
M, N, and numerous non-structural proteins. In the case of CD8+ T cell-mediated responses, co-
dominant responses were observed for the Spike and M proteins, with ORF6, N and ORF3a also
resulting in strong CTL responses. Although vaccines have been largely aimed at Spike protein,
results presented here strongly suggest that vaccines should optimally consider a combination of
SARS-CoV-2 antigens to maximize the magnitude of CTL responses induced upon immunization.
In a subsequent study, the three antigen-dependent arms of the adaptive immune system
(antibodies, CD4+ T Lymphocytes, and CD8+ T Lymphocytes) were measured in convalescent
and acute SARS-CoV-2 patients in the context of disease severity in order to establish their role

in infection control and/or disease resolution (122). Surprisingly, neutralizing antibody titers were
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poorly correlated with disease severity. In contrast, SARS-CoV-2-specific CD4+ and CD8+ T cells
strongly correlated (inversely) with disease severity, with stronger responses associated with lesser
disease severity. Strikingly, a convalescent cohort patient was able to clear the infection with
detectable SARS-CoV-2-specific CD4+ and CD8+ T cell responses, but with no detectable
antibodies, suggesting the importance of cell-mediated immune responses in SARS-CoV-2
infection resolution (122). In addition, several recent longitudinal studies further shed light on the
dynamics of adaptive immunity over up to 10 months following infection and/or vaccination
(122,124—-128). These studies corroborated earlier findings regarding the relatively rapid waning
of antibody titers following immunization by SARS-CoV. Measurement of neutralizing antibodies
targeting either the SARS-CoV-2 Spike protein or its RBD indicated a decline in titers over 8
months following infection (124,125). In contrast, memory CD4+ T cells were found to persist for
as long as 10 months following infection. In study by Jennifer Dan et al., CD4+ T cell memory
was detectable in 93% of convalescent individuals one month following infection (53/57
individuals), and in 92% of individuals 6-8 months following infection (33/36 individuals) (124).
However, in the same study, CD8+ T cell memory was found to undergo a steady decline in the
months following infection, with the rate of detection going from 70% after one month to 50%
after 6-8 months. The decline in memory CD8+ T cells observed was corroborated by several other
studies. These findings contrast studies pertaining to SARS-CoV, which found detectable CD8+
T cells as long as 11 years following infection (105). At any rate, it is currently difficult to directly
compare the dynamics of adaptive immunity specific to SARS-CoV and SARS-CoV-2, given the
short time span elapsed since the start of the SARS-CoV-2 pandemic. Longitudinal studies
conducted in years to come will continue to shed light on the long-term dynamics of the adaptive

immune system following COVID-19 convalescence.
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Overall, the findings presented here, regarding T lymphocyte-mediated immune responses in
the context of SARS-CoV, MERS-CoV, and SARS-CoV-2, strongly point to the importance of
CD4+/CD8+ T cell-based immunity in clearing CoV infection and producing long-lasting T-
lymphocyte memory to viral antigens. However, these findings also beg the following question:
given the critical role played by T cells in disease resolution, what would be the impact of T-cell

epitope-associated mutations on the breadth of CTL responses and disease outcome?

1.1.3.1 Antibody escape

Since the start of the pandemic, SARS-CoV-2 has acquired a significant amount of
genomic diversification. As a result of widespread collaborations as well as close genomic
monitoring the viral strains, the first mutations were characterized shortly after the identification
and naming of the virus. Although the majority of mutations have little to no impact of viral
viability and pathogenicity, some mutations play non-trivial roles in viral mutations. In the context
of SARS-CoV-2, mutations have been associated with a variety of impacts, including mediating
viral entry by enhancing the interaction between the spike glycoprotein and ACE2 receptor;
affecting the release of virions following viral replication; and promoting immune evasion. The
latter will be the subject of the following sections (65,87,88,129).

Over the course of the COVID-19 pandemic, SARS-CoV-2 has managed to develop
several immune evasion mechanisms. In particular, SARS-CoV-2 variants leading to immune
escape has been the object of extensive global scientific scrutiny. Antibodies, the primary
components of the humoral immune response, were shown to be highly correlated with COVID-
19 disease severity (122,130,131). Composed mainly of IgM, IgA and IgG, anti-SARS-CoV-2

antibodies were found to primarily target the Spike glycoprotein as well as the nucleocapsid. The
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neutralizing effect of SARS-CoV-2 was shown to manifest itself by disrupting the viral interaction
between he Spike protein and the human ACE2 receptor, effectively preventing its entry into host
cells (65,83,132). As such, mutations able to convey antibody evasion were hypothesized to occur
within the Spike glycoprotein and Nucleocapsid. Such mutations first came to light with the
identification of the VOCs. The first VOC, B.1.1.7 (Alpha), initially identified in September 2020,
was found to convey partial resistance to neutralizing antibodies. Of the many mutations making
up this lineage, 7 missense variations and 3 deletions were located within the spike protein.
Numerous studies demonstrated the ability of B.1.1.7 to partially evade recognition by neutralizing
antibodies by both convalescent (~3-fold reduction) and by vaccinated (~2-fold) sera (133,134).
Of the S-protein variations, N501Y on the RBD, and the Y144 deletion on the NTD were
associated with the highest resistance to neutralizing antibodies (133,134). Interestingly, the
N501Y mutation was not in fact found to directly disrupt the interaction with neutralizing
antibodies, but to enhance the interaction between the RBD and ACE2. This enhanced interaction
allows RBD to outcompete neutralizing antibodies in interacting with ACE2. As the NTD does
not interact with ACE2, but rather with alternative receptors in cells lacking the ACE2 receptor,
the Y144 likely disrupts such interactions (129). Unsurprisingly, the B.1.1.7 variations responsible
for the partial reduction in neutralizing activity by convalescent/vaccinated sera were found to
completely escape monoclonal antibodies, as a single mutation is sufficient to abrogate the mAb-
epitope binding interface. In contrast, the polyclonal nature of sera antibodies allows to circumvent
the impact of a few mutations. This feature is especially relevant to the efficacy of monoclonal
antibody treatments against SARS-CoV-2.

The VOC B.1.351 (Beta) has been of particular interest for the evasion of neutralizing

antibodies. Although this variant possesses 7 mutations and 3 deletions in the spike protein, only
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three mutations located in the RBD (N501Y, K417N, E484K) were associated a decrease in
neutralization by antibodies (84,86). As in the B.1.1.7 variant, N501Y was shown to enhance the
interaction between the RBD and ACE2, therefore outcompeting neutralizing antibodies which
would otherwise disrupt this binding interface. K417N and E484K were both found a
synergistically enhance the RBD-ACE2 binding interface in combination with N501Y, therefore
further competing against the corresponding neutralizing antibodies. Interestingly, the decrease in
neutralization efficacy conveyed by the B.1.351 lineage was found to be particularly prominent in
individuals with lower neutralizing antibody titers (82). As such, due to the much lower antibody
titers observed in unvaccinated convalescent individuals in contrast with vaccinated individuals,
this puts unvaccinated individuals at much higher risk of losing neutralizing activity following
infection by a virus of the B.1.351 lineage. In fact, this VOC was found to result in a 11-33-fold
decrease in neutralizing antibodies in unvaccinated, convalescent individuals, as opposed to a 3.4-
8.5 fold decrease in vaccinated individuals.

The P.1 (Gamma) lineage was associated with a decrease in neutralizing activity, although
not as severe as the B.1.351 lineage. This may in part be attributed with differences in mutations
within the NTD (83,132). However, a disparity was still observed between the impact of the VOC
on unvaccinated convalescent and vaccinated convalescent individuals. The B.1.427 and B.1.429
lineages (epsilon) were of interest as they introduced a new mutation, L452R, capable of
modulating the activity of neutralizing antibodies. Although this mutation does not directly
mediate the RBD-ACE2 interface, is was shown to allosterically enhance the binding interface.

The B.1.617.2 lineage (Delta) has become of great interest to the scientific and medical
community due to its significantly superior infectivity and pathogenicity. These increased features

can be attributed to the mutations L452R and E484Q, which enhance the ACE2-binding interface,
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as well as the P68 1R mutation within the S furin-cleaving site, enhancing the cleaving of the spike
glycoprotein by furin (77,135,136). The antibody escape properties of this VOC were associated
with the RBD mutations L452R, E484Q and T478K. E484Q was found to have a lesser impact of
neutralization activity than the E484K mutations observed in other VOCs, but was still shown to
result in a 10-fold decrease in neutralization by antibodies. Although the mutation T478K it was
not directly investigated, a similar mutation, T478I was interrogated in vitro and shown to reduce
the neutralizing activity of convalescent sera (89).

Finally, the B.1.1.529 lineage (Omicron) was shown to extensively evade neutralization
antibodies (92-94). The humoral immune evasion observed can be explained by 15 of the 50
mutations defining Omicron being found within the Spike RBD (92). As the latter was identified
as the primary target of neutralizing antibodies, hyper-mutation of the Spike RBD may be expected
to modulate the neutralization of the SARS-CoV-2 Spike protein (90,91). Importantly, Omicron-
asociated mutations were found to partially evade neutralizing antibodies induced by Pfizer’s

BNT162b2 vaccine (95).

Overall, the current set of VOCs were shown to reduce the efficacy of neutralizing
antibodies found in convalescent sera, largely due to their ability to enhance the RBD-ACE2
interface. However, it remains to be shown whether this demonstrated decrease in neutralizing
activity directly impacts the increased infectivity of this set of VOCs, and to what extent they

impact the severity and outcome of the disease.

1.1.3.2 T-cell escape
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The genomic diversification of SARS-CoV-2 over the course of the current COVID-19
pandemic has led scientists to closely monitor the potential evolutionary adaptations pertaining to
immune evasion. While prevailing VOCs were rapidly associated with a decrease in neutralization
activity, none were found to significantly evade recognition by T cells (137,138). Several studies
demonstrated that the faction of the immune response attributed to the activation of CD8+ and
CD4+ T cells remained largely unaffected by VOCs Alpha, Beta, Gamma and Delta in either
convalescent or vaccinated individuals (137,138). However, the studies did not consider the high
level of polymorphism associated with the HLA locus throughout the human population. Due to
this significant polymorphism, different individuals may recognize different repertoires of T cell
epitopes and therefore be affected differently by SARS-CoV-2 proteomic variations. Additionally,
the studies presented above were highly focussed on the current set of VOCs, which together,

represent a very small proportion of the mutations currently in circulation.

To partially address these concerns, several studies investigated the impact of individual
mutations on the activation of T cell epitopes in the context of HLA types. In the earlier stages of
the pandemic, Agerer et al. conducted an in-depth study of the impact of individual SARS-CoV-2
variations on the ability of SARS-CoV-2-convalescent PBMCs to amount an adequate cytotoxic
immune response against the virus (139). Performing analyses of both wild type as well as mutated
epitopes, they demonstrated that a subset of mutations found within viral CD8+ T cell epitopes
were able to negatively impact the breadth and quality of immune responses. Using epitope
presentation predictions (netMHCpan 4.0) complimented by HLA -epitope destabilization assays,
Agerer et al. identified a subset of circulating mutations predicted to abrogate the binding of

mutated epitopes by specific HLA alleles. To further investigate the immunological implications
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of these findings, the ability of these mutations to impact the proliferation and activation of CD8+
T cell epitopes were confirmed by Enzyme-Linked Immunosorbent Spot (ELISpots) as well as
Intracellular Cytokine Staining (ICS) for IFN-y. Finally, Agerer et al. used single-cell T Cell
Receptor sequencing (scTCR-seq) as well as scRNA-seq on expanded T cells to assess the
diversity of T cell populations activated by a single mutated T cell epitope compared to wild type.
The results further corroborated a lower level of T cell expansion in the mutant. Expectedly, the
TCRs associated with peptide-specific activation were identical for both the wild type and mutant
epitope. While TCRs are known to recognize the center-portion of T cell epitopes (residues 3-6),
mutations abrogating HLA-epitope binding are generally found at anchor residues (residue 2, 9)
of the HLA binding groove, and would not be expected to directly interfere with TCR-recognition.
However, analysis of cytotoxic genes resulting from scRNA-seq of peptide specific T cell clusters
indicated a lower quality of cytotoxic activation in mutant peptide-specific T cells. Overall, these
results establish the ability of a subset of SARS-CoV-2mutations occurring within CD8+ T cell
epitopes to reduce the proliferation and activation of CD8+ T cells by abrogating the presentation

of epitopes by HLA molecules in an HLA allele-dependant manner.

Although the study introduced above was performed early in the pandemic on a subset of
variations that had not yet become fixed in the population, a subsequent study investigated the
ability of a two extensively fixed mutation to mitigate the breadth and quality in T cell responses.
Motozono et al. investigated the ability of the mutations L452R and Y453F to confer resistance to
HLA-A24 (65). The former contributes to lineages B.1.427/429 and B.1.617, whereas the latter
contributes to lineage B.1.1.298. These are therefore highly epidemiologically relevant. Analyses

were focused on a single epitope, an RBD-specific 9-mer spanning residues 448-456 (NF9)
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containing both mutation events, which was demonstrated to be an immunodominant HLA-A24
epitope by three independent studies. Stimulation of PBMCs by mutant or wild type epitopes
followed by the isolation of CD8+ T cell subsets by FACS indicated that both mutations have the
ability to dramatically reduce the activation of CD8+ T cells. Incidentally, the mutation L452R has
been of great interest due to its ability to enhance the Spike RBD-ACE2 binding interface,
therefore leading to both increased infectivity as well as antibody escape.

Recently, Silva et al. Utilized ELISpots as well as TCR repertoire sequencing to identify a
series of mutations leading to the complete abrogation of CD8+ T cell response against
immunodominant epitopes (140). These included the disruption of a CD8+ ORF3a epitope by
Q213K, the disruption of a CD8+ Nucleocapsid epitope by P13X, as well as the disruption of a
second Nucleocapsid epitope by T3621/P365S.

Yet another study by Zhang et al. investigated four prevalent mutations, K417T (Spike),
K417N (Spike), Y144- (Spike) and L452R (Spike) found in variants P.1, B.1.351, B.1.1.7 and
B.1.617.2 respectively (141). These mutations caused reductions in CD8+ T cell activations in the
context of prevalent HLA types HLA-A*02:01, HLA-A*02:07, HLA-A*11:01 and HLA-A*24:02
respectively. These mutations effectively disrupted the activation of CD8+ T cells to epitopes that
were previously experimentally shown to stimulate T cells in most tested samples. T cell activation
was obtained by ICS and MHC-epitope interactions were investigated by means of x-ray
crystallography. These findings suggest T cell evasion to be a common characteristic amongst
variants and to be considered as a putative factor alongside neutralizing antibody escape and
enhanced viral entry when interrogating their increased infectivity.

In the context of Omicron, two separate studies suggested its numerous mutations to

convey a limited impact on the overall CD4+ and CD8+ T lymphocyte activation and proliferation,

33



as shown by the stimulation of vaccinated and/or convalescent PBMCs with Omicron or wild-type
peptide pools (142,143). Nevertheless, in both studies, a subset of participants sustained a drastic
reduction in CD8+ T cell activation (> 50% in some cases) when stimulated with the Omicron
peptide pool compared to its wild-type counterpart. Although neither studies proceeded to
experimentally investigate a potential link between HLA type and Omicron-mediated T-cell
evasion, both groups hypothesized that the significant reduction in CD8+ T cell activation

observed in a subset of participant could be explained by variations in HLA profiles.

Collectively, the findings yielded by these investigations indicate the ability of several
SARS-CoV-2 mutations to disrupt T cell response in an HLA-dependant manner. Despite the
limited adaptative advantage provided by a T cell escape mutation given the high diversity of HLA
types throughout the population, the fixation of mutations leading to the abrogation of
immunodominant epitopes in the context of prevalent HLA types could impact the quality of
cellular immune response in a number of individuals. Given the on-going evolution of SARS-
CoV-2, the accumulation of genomic variations and the emergence of new lineages, surveillance
for variations (or combinations of variations) conferring T cell evasion continues to be relevant to

our understanding of SARS-CoV-2 infectivity and virulence.

1.1.4 SARS-CoV-2 and the innate immune system

The role of the innate immune system in resolving SARS-CoV-2-driven infections is
beyond the scope of this dissertation. Nevertheless, innate immunity plays an important role in
mediating viral infections and is therefore worth a brief mention. The innate immune system

plays a crucial role in the host response to viral infections and does so by impeding key steps of
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the infection cycle and by aiding the adaptive immune system. It is largely mediated by
molecules known as pattern-recognition receptors (PRRs) which are released by a variety of
leukocytes, and manifests itself through the induction of inflammatory pathways (144,145).
Found in endosomes, cytoplasm, and on the membrane, PRRs recognize molecular patterns
specific to pathogens, known as pathogen-associated molecular patterns (PAMPS). In addition,
they can recognize damage-associated molecular patterns (DAMPs), molecular entities indicative
of cellular damage (144). Recent decades have shed much light on the various members of PRR
families, which include Toll-like receptors (TLRs), C-type lectin receptors, retinoic acid-
inducible gene I (RIG-I)-like receptors (RLRs), absent in melanoma 2 (AIM-2)-like receptors,
and nucleotide-binding oligomerization (NOD)-like receptors (NLRs) (144). Several studies
have sought to elucidate the relationship between SARS-CoV-2 and PRR activity during
infections. And are briefly discussed below.

TLRs. Multiple groups corroboratively demonstrated the role played by one particular
TLR, TLR2, in sensing SARS-CoV-2 and subsequently facilitating pro-inflammatory
mechanisms (146). TLR2 was shown to induce pro-inflammatory cytokines and IL-6 production
through the recognition of the SARS-CoV-2 E protein. Stimulation of either human macrophages
treated with TLR2 inhibitors or murine macrophages deficient in TLR2 with the E protein led to
a decrease in inflammation. Other TLRs, including but not limited to TLR1, TLR3, TLR4 and
TLR6 were hypothesized to mediate SARS-CoV-2-specific innate immunity, although further
conclusive experimental evidence is needed (147,148).

RLRs. SARS-CoV-2-specific innate immunity was shown to be mediated by MDAS and
LGP2, two RLRs well-studied in the context of IFN regulation (149,150). Using small

interfering RNAs, Yin et al. (2021) knocked down 16 viral RNA sensors as well as MAVS in
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Calu-3 cells (an airway epithelial cell line) infected by SARS-CoV-2 (150). Knockdown of
MDAS and LGP2 was found to reduce type 1 IFN-expression and increase viral replication.
Surprisingly, the same was observed for NOD1, an intracellular bacterial peptidoglycan sensor.
NLRs. NRLs were shown to be involved in mediating SARS-CoV-2 infections by
modulating the generation of inflammasomes and type 1 IFN (151). NLRP3, a very well-
characterized NRL shown to recognize both PAMPs and DAMPs as well as to induce caspase-1
and cell-death, was associated with SARS-CoV-2 sensing. SARS-CoV-2 proteins ORF3a and N
and single-stranded viral RNA were shown to induce NLRP3 inflammasome, caspase-1 and cell
death in studies using HEK293 cell lines (152—154).
Although the innate immune system was shown to play a crucial role in clearing SARS-CoV-2
infection through the PRR-mediated release of IFN and pro-inflammation cytokines (155), it was
shown to have dichotomous implications. When dysregulated, the leukocyte-mediated release of
cytokines, known as a cytokine storm, results in a potentially lethal condition. Karki et al (2021)
demonstrated that the excessive production of cytokines TNF-a and IFN-y resulted in
inflammatory cell death, also known as PANoptosis (156). By replicating the synergistic impact
of these two cytokines in mice, Karki ef al. induced a lethal shock akin to that observed in
COVID-19 patients experiencing a cytokine storm. Such cytokine storms were associated with

disease severity as well as multi-organ damage (156,157).

1.2 Epitope presentation
The adaptive immune system is a highly complex component of jawed-organisms that has
evolved to become an exquisitely multivalent and adaptable defense mechanism. At its core, the

adaptive immune system is made up of two arms: the cellular immune system as well as the
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humoral immune system. Although these two arms best function complimentarily and are both
required for an individual to achieve the full breadth of its immune response, they both manifest
their roles in very different ways, and are made up of different components. In this section, we will
review the mechanisms enabling the presentation of viral epitopes by HLA class I and II molecules

and their subsequent recognition by CD8+ and CD4+ T lymphocytes, respectively.

1.2.1 MHC class I and II antigen processing and presentation pathway

Cellular immunity has been the subject of significant interrogation and scrutiny over the
last several decades. T cells, which are at the epicenter of the cellular arm of the immune system,
have been shown to be key players in the mediation of a wide range of conditions, including
infectious diseases, autoimmune diseases, and cancer. Although T cells are intimately involved in
each of these classes of conditions, the manner in which they carry out their roles and the impact
that a strong T cell-based immune response has on the condition varies enormously. However, at
the very center of the ominous presence of T cells throughout our immune system and defense
mechanism lies one key questions: how do T cells know what to attack, and when to attack it?
Whether we are talking about infectious diseases, autoimmune diseases, or cancer, this question
introduces a key concept that is indispensable in understanding how our immune system functions,
and how we can batter assist it. Although it remains an open-ended question, many research groups
and numerous important scientific breakthroughs over several decades have managed to provide a
highly detailed set of answers, which can be boiled down to one word: epitope. Significant
scientific efforts have demonstrated that T cells are equipped with surface receptor, called the T
Cell Receptor (TCR). Briefly, the interaction between a TCR recognizes its corresponding target,

known as an epitope, triggers the activation and mass expansion of the T cell in question, therefore
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providing the immune system the proper toolkit to eliminate the recognized insult. Epitopes consist
of a short fragment of protein, called a peptide, and is presented to T cells by Major
Histocompatibility Complexes (MHC) class I and II. The Human Leukocyte Antigen consists of
the human version of this complex. HLA class I and II both play different, yet highly
complementary roles in T cell activation. HLA class I is present on virtually all nucleated cells of
the human body and presents epitopes to a subset of T cells called CD8+ T cells. The primary
outcome of this interaction is to convert CD8+ T cells into CTLs, which have for primary role to
eliminate the cells responsible for the activation. Examples consist of infected or cancerous cells.
In contrast, HLA Class II are only displayed on professional Antigen Presenting Cells (APCs),
including dendritic cells and macrophages. The will take up harmful agents circulating in the
vascular system, such as viruses, process them and present the resulting epitopes to CD4+ T cells,
also known as T helper cells (Tn Cells). This name is quite appropriate as once activated, these T
cells will facilitate many other factions of the immune system. In part, this interaction will cascade

the activation of CTLs as well as the activation of B cells, resulting in the production of antibodies.

Another complementary question which has baffled scientists since the initiation of modern
immunology is the following one: with so many different types of viruses, bacteria, cancers and
other diseases, how could the immune system possibly be able to generate a highly dedicated and
specific immune response for every possible insult to the human body? The answer to this question
not only directly involves epitope recognition, but also has led people to think of the immune
system as one of the most elegant components of human biology. HLA, the molecules responsible
for presenting epitopes to T cells and therefore at heart of the interface between disease and

immunity, are amongst the most polymorphic regions of the human genome. The HLA locus,

38



located on chromosome 6, is composed of multiple genes, which can be spliced into a vast array
of combinations. Due to a high rate of variation throughout human populations, roughly, 25,000
different HLA molecules have been identified to date (158).

In this section, the various components conducive to the generation, presentation, and

recognition of epitopes will be discussed.

1.2.1.1 Proteasomes, TAP, HLA molecules

Epitope processing and presentation is central to the activation of the adaptive immune
system. This review will explore the relationship between SARS-COV-2 and the T-lymphocyte
arm of the adaptive immune system. Specifically, the impact of SARS-CoV-2’s mutation
landscape on T-cell epitope processing and presentation will be discussed. The antigen
presentation pathway has been substantially interrogated throughout the last four decades and has
been extensively reviewed elsewhere (159). Briefly, viral epitopes can lead to T lymphocyte
activation via two distinct pathways: MHC Class I epitope presentation pathway and MHC Class
IT epitope presentation pathway (Figure 1.4). MHC class I molecules are ubiquitously presented
on all nucleated cells, and present endogenously generated peptides. Upon viral entry into a target
cell and viral replication, a proportion of viral proteins are degraded into peptides by the
proteasome, a 20S cylindrical complex associated with two 19S complexes at each end. Following
proteolysis, peptides are transported to the ER by the Transporter associated with Antigen
Processing (TAP), a heterodimeric complex composed of TAP1 and TAP2 (160,161). In the ER
lumen, peptides will be further trimmed at the N-terminus by ER aminopeptidases ERAP1 and
ERAP2 (162,163) before forming a complex with several other proteins, including an MHC class

I molecule, resulting in the Peptide-Loading Complex (PLC). Finally, the resulting epitope-loaded

39



MHC class I molecules are presented on the cell surface, where they may interact with their
complimentary TCR presented by CD8+ CTL, resulting in the CTL-mediated destruction of

infected cells.

In contrast, MHC class II molecules are strictly presented on professional APCs, including
dendritic cells, macrophages and B cells. Unlike class I epitopes, class II epitopes are generated
through the degradation of viral antigens via the endosomal pathway. Upon loading onto MHC
class II, the MHC-epitope complex is transported to the cell surface and presented to CD4+ T
Lymphocytes, which in turn plays numerous key roles within the confines of the innate as well as
adaptive immune systems, including induction of B-cells as well as CD8+ Cytotoxic T
Lymphocytes.
1.2.1.2 Class I classification, supertypes

One particular hallmark of the peptide presentation pathway is the extremely high
polymorphism associated with MHC molecule-encoding genes throughout the human population.
Briefly, HLA genotypes have been traditionally classified into a genotype-specific nomenclature,
classified by allele group (gene locus), HLA protein (in order of discovery), synonymous
mutations and mutations in non-coding regions. This detailed and specific nomenclature system
results in a highly heterogenous population composed of thousands of different HLA genotypes
with a wide array of binding motifs. A binding motif is the preferred amino acid sequence required
to obtain a stable binding interface between an HLA molecule and epitope, and it is defined by
anchor residues. These play key roles in the interaction and are generally found at position two

(P2) and the C-terminus of class I epitopes and interact with the B and F pockets of HLA binding
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Figure 1.4. Presentation of cytosolic peptides by HLA molecules. Peptides may be presented by HLA class I (a) or

HLA class II (b) molecules. Adapted from Neefjes et al. 2011 (159)
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grooves (164,165). In an effort to overcome the high level of polymorphism and complexity within
class I HLA molecules, these were clustered into groups called supertypes, based on similarities
between their binding motifs, thus allowing analyses to consider hundreds of HLA types at once,
as opposed to assessing HLA types individually. Supertype classifications have proven extremely
useful and have allowed biding motif-based conclusions to reach much broader target groups

(166).

1.2.2  Identification of HLA class I epitopes

Although the identification of epitopes by T cells has been helmed as a central component
of the cellular immune system, the comprehensive study of epitopes has proven to be a
considerable challenge. Since its discovery, this knowledge gap has sparked a flurry of
technological and computational innovations, and has led to the inception of numerous new fields
of research and societies. The study of the collection of epitopes presented by an individual, now
coined the ‘immunopeptidome’, dates from the early 1990s (167-171). The study of the
immunopeptidome has brought to light many of the challenges making its investigation difficult.
These include the high abundance and diversity of epitopes presented by HLA molecules, the
differentiation of self and foreign epitopes, and the recognition of epitopes by T cells. These
challenges have been addressed by innovations in mass spectrometry, immunology,
proteogenomics, and computational tools. Together, these innovations have allowed scientists to
paint a highly comprehensive and detailed picture of the immunopeptidome in the context of
immunity and disease. Here, we will discuss the main techniques that have been developed to

interrogate the immunopeptidome and its relationship with T cells.
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1.2.2.1 Epitope presentation predictions

T cells are a key component of the cellular arm of the adaptive immune system and are
essential in the elimination of foreign agents as well as the elimination of disease. One of the
central features allowing T cells to fulfill their function lies in the ability of TCRs to recognize
epitopes processed by the peptide presentation pathway and presented by HLA molecules on the
surface of cells. The identification of immunogenic epitopes modulating the ability of T cells to
eliminate disease has been a central component within the field of immunology. In the context of
oncology, epitope identification has enabled the identification of cancer-specific neoepitopes,
facilitating the development of immunotherapies. In the context of virology, the identification of
immunogenic viral epitopes has contributed to our understanding of antiviral immunity while
aiding vaccine development.

Initial experimental approaches for the identification of T cell epitopes were low
throughput and costly. Epitope-prediction tools presented a paradigm-shift in immunology and are
now central to the characterization of epitopes. Although epitope predictions are not flawless and
plagued by high rates of false positives, and must therefore be thoroughly experimentally
validated, they are essential in shortlisting putatively clinically relevant epitopes in the context of
immunotherapy, infectious diseases and vaccine design.

The majority of these tools rely on machine learning approaches trained on two possible
types of data: eluted ligands (EL), consisting of epitopes eluted from MHC molecules by
immunoprecipitation and identified by mass spectrometry, as well as binding affinities (BA), the
experimentally determined binding affinity between epitopes and MHC molecules measured by
binding assays. Inevitably, advancements in the field of machine learning as well as the expansion

of EL and BA training datasets has enabled tremendous improvements in the precision and
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accuracy of epitope prediction software. Early computational tools were developed in the late
1980s and 1990s (172—174). Since then, many different tools have been released, which will not
all be discussed here. However, in 2020, Paul ef al. compared 15 different epitope-prediction tools
in an in-depth benchmarking analysis and concluded NetMHCpan 4.0 and MHCFlurry 2.0 to
provide superior predictive power (175—177). The NetMHCpan algrithm series are robust and have
been extensively used by the scientific community since their inception (initial version in 2007)
(175,178-180). NetMHCpan predictions rely on a combination of EL and BA datasets, and are
made using a neural network-based approach named NNAlign (181). The latter in fact is the central
component of a series of very successful predictions, including NetMHC, NetMHCII, and
NetMHClIIpan. MHCflurry 2.0 is a relatively recent tool (initial version in 2018). Like

NetMHCpan, MHCFlurry was trained on both BA and EL datasets and relies on neural network.

1.2.2.2 Mass Spectrometry

The immunopeptidome is composed of tens thousands of different epitopes presented by HLA
class I and II, making it challenging to study (182—184). Although predictions from genomic
sequences have proven incredibly useful in identifying putative T cell epitopes, they are still
plagued with a high rate of false positives. To this day, the method of choice to accurately
quantitate and characterize immunopeptidomes remain mass spectrometry (MS). Traditionally, the
interrogation of immunopeptidomes by MS involves the immunoprecipitation of HLA-bound
peptides. In this process, HLA-peptide complexes are initially captured by HLA-specific
antibodies, after which the peptides are separated from HLA molecules using acid-elution.
Fragment Ion Spectra are then generated for each peptide detectable by MS in a process known as

Data-Dependant Acquisition (DDA) (185,186). DDA-based immunopeptidomics has proven to be
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a robust analytical approach for a variety of tissue and cell types, with the ability to detect north
of 10,000 unique epitopes depending on the instrument (182—184). The MS-based identification
of immunopeptidomes has been successfully utilized in the context of a wide range of immune-
driven diseases, including cancers, autoimmune diseases and infectious diseases (187—193). In the
context of viral infections, which constitute the object of this dissertation, DDA-MS has been used
to identify viral epitopes presented by both HLA class I and II, in efforts to identify putative

vaccine targets (194).

However, DDA experiments are limited in their reproducibility, making it difficult to consistently
characterize and quantify HLA peptides across different samples, conditions, or tissue types. A
rapidly-emerging approach, known as Data-Independent Acquisition (DIA) has been suggested to
address this caveat. Sequential Window Acquisition of all Theoretical Mass Spectra (SWATH-
MS) is a concrete implementation of DIA-MS, and has shown to provide a strong alternative to

DDA-MS, greatly improving the reproducibility and sensitivity across multiple samples (195).

1.2.2.3 T cell activation

There are two folds to the investigation of T cell epitopes. The first consists of the
identification of epitopes, an endeavor helmed by mass spectrometry. The second is the
identification of clinically and immunologically relevant epitopes. In a clinically relevant context,
an interest consists of identifying epitopes capable of activating T cells and leading to a robust
immune response. Although the ability of HLA molecules to present epitopes does not guarantee
its immunogenicity, experimentally-determined HLA-epitope IC50 thresholds have been highly

conducive to the identification of cancer- and virus-specific T cell epitopes (176,196—-198).
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Nevertheless, experimentally assessing the ability of epitopes to activate T cells has been a crucial
component of the identification of clinically relevant T cell epitopes. Many techniques have been
developed to address this need, spanning a wide range of tools and biological features of T cell
activation. Methods commonly used to assess the activation of CD8+ and CD4+ T cells include,
but are not limited to Enzyme-linked immunosorbent spot (ELISpot) assays, Intracellular Cytokine
Staining, Activation-Induced Markers (AIM) assays, and Target:Effector assays. As these have
been described in detail in many reviews, they will not be discussed here. However, such
techniques have played central roles in the identification SARS-CoV-2 epitopes (123,199).
1.2.2.4 Immunosequencing

The adaptive immune system has proven to be a highly complex system, embellished by
the high level of polymorphism in genes responsible for the specificity of MHC molecules as well
as TCRs, and B cell receptors (BCR) (200,201). Immunosequencing is a method that was
developed to address and interrogate this high level of complexity. Although immunosequencing
may be applied to both BCR and TCR sequencing, this section will focus on the latter. Briefly,
TCRs are receptors on the surface of T cells and are responsible for antigen specificity through the
recognitions of MHC-peptide complexes. TCRs are composed of two chains, with the majority
being made up of chains alpha and beta (TCRaf}), although unconventional TCR may be
composed of chains gamma and delta (TCRy05) (200-202). These chains result from the
combination of randomly-selected V (variable), D (diversity) and J (joining) gene segments. The
random selection of these gene segments, known as V(D)J recombination, determines the
conformational diversity of Complementarity Determining Regions (CDR) loops (three per chain,

for a total of six CDR loops), which determine the antigen specificity of T cells. CDR3 accounts
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for the most variable region of the TCR and therefore plays a significant role in the diversity of
antigens targeted by T cells.

Interrogating the diversity and dynamics of T cell populations has allowed researchers to
develop a deep and highly comprehensive understanding of the relationship between cellular
immunity and disease. This has been achieved by conducting high throughput sequencing (HTS)
of CDR3 loops from T cells isolated from patients (200). A flurry of computational tools has been
developed to interrogate the resulting genomic data, inferring the diversity of T cells, the dynamics
of immune responses, the identification of clonally expanded T cells, and the inference of antigens
responsible for such clonal expansions. Briefly, immunosequencing approaches include bulk
sequencing, as well as single-cell sequencing.

Bulk sequencing. Following TCR enrichment, RNA is sequenced using available HTS
methods, with Illumina MiSeq and HiSeq being commonly used (200). As single-nucleotide
differences are crucial in analyzing and clustering TCRs, a series of pipelines have been developed
to extract TCR repertoires while accounting for sequencing errors. One of the limitations of bulk
repertoire sequencing is the inability to pair alpha and beta chains, an important step in determining
antigen specificity. However, many applications are still achievable. Several approaches allow the
assessment of clonal diversity in an individual in the context of disease as well as the comparison
of T cell clonal diversity between individuals.

Single cell TCR sequencing (scTCR-seq). scTCR-seq has become popular in recent years,
as it helps overcome some of the limitations of bulk sequencing. Namely, this approach permits
the pairing of alpha and beta sequences from each individually analyzed T cell, therefore providing
detailed information on clonal expansion as well as allowing the inference of antigen specificity

(203-205). Previous methods involved complete transcriptome sequencing at the single cell level
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using microfluidics, using methods such as Smart-Seq2 (206). Resulting RNA-seq data could
subsequently be mined for TCRa and TCRf pairs. However, such methods were costly and
allowed the analysis of a limited number of cells (hundreds). Other recent advances have increased
the number of cells to be analyzed, while reducing costs. Such methods employ cDNA Illumina
short-read sequencing, which can be performed using 3’ or 5’ sequencing. More recently, a new
method employing a combination of long-read (Oxford Nanopore) and short-reads alongside high-
throughput droplet-based methodologies (202). This workflow, called RAGE-seq, allows for the
accurate sequencing of full TCRs on thousands of cells.

The sequencing of TCR repertoires has provided access to a rich source of information
regarding the dynamics of adaptive immune responses. As such, many computational tools have
been developed to interpret the resulting genomic datasets. For example, the GLIPH2 software
was developed to cluster T cell clonotypes based on antigen-recognition similarities (207). In
addition, advances in structural modelling and well as the accumulation of crystal structures in the
Protein Data Bank (PDB) have enabled the in sillico modelling of TCRs alone, TCR-antigen
complexes, as well as TCR-antigen-HLA complexes (208,209). Such algorithms have not only
allowed to deepen our understanding of the molecular dynamics and selection process behind
TCR-antigen recognition, but have also facilitated the structure-based in silico identification of
antigens from TCR repertoire analyzes. Finally, numerous tools were developed to infer antigen
specificity form TCR sequences, relying on TCR-epitope datasets (210-213).

Overall, immunosequencing provides a unique opportunity to study not only the dynamics
of adaptive immune responses, but also to acquire to acquire in-depth and comprehensive

knowledge of key antigens responsible for T cell clonotype expansion in relation to disease.
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1.3 Immune escape
1.3.1 Disruption of peptide presentation

Since the start of the pandemic, SARS-CoV-2’s mutational landscape has been extensively
described and investigated, with mutations such as D614G in the spike glycoprotein and P214L in
ORFlab showing strong signs of selection early on in the pandemic (48,214-216). Beyond
quantitatively and qualitatively characterizing the virus’ mutational landscape through
phylogenetic analyses, studies have been conducted to establish the role of mutations in
pathogenicity, and disease severity (48,214). Such investigations included cohort studies aimed at
correlating mutations to symptom severity and disease outcome, as well as structural biology
studies aiming to understand the impact of certain SARS-CoV-2 mutations on viral protein

functionality, and on virus-host interaction dynamics (217-219).

Despite the extent and importance of these studies, one aspect of virus-host interaction that
has yet to be interrogated: The impact of SARS-CoV-2 mutations on peptide presentation and T-
Cell activation. A thorough investigation of the relationship between SARS-CoV-2 and the
peptide-presentation pathway is urgently needed to understand the impact that such a relationship
would have on disease outcome and vaccine efficacy. Although not yet studied in SARS-CoV-2,

CTL escape variants have been previously studied in numerous organisms.

Viral epitope-associated mutations were by Pircher ez. a/ in 1990, wherein CTL responses
to epitope variants were investigated in transgenic mice models (220). Viral epitope-associated
mutations have since been extensively investigated in HIV (Human immunodeficiency virus) type

1 as a mode of immune escape, with the first evidence of CTL escape mutants in HIV-infected
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cohort participants published in 1991 by Philips R.E. et. al (221). In this study, naturally occurring
and accumulating mutations in 1 HLA-B*27 and 3 HLA-B*8 restricted epitopes within HIV-1’s
GAG protein were investigated in 6 patients throughout longitudinal studies, and multiple
mutations were found to dramatically impact CTL responses specific to these epitopes. Over the
last two decades, numerous studies proceeded to investigate CTL escape mutations at population
and individual levels. Three mechanisms of escape have thus far been described with regards to

CTL-escape variants (Figure 1.5).

1.3.1.1 Disruption of epitope processing

In the first mechanism, CTL-escape mutations within or up(down)stream of the affected
epitopes lead to the impairment of antigen processing (222-224). In a study by Yokomaku et al,
certain mutations were shown to have little to no impact on in-vitro binding assays yet were able
to successfully eliminate CTL responses. Draenert ef al experimentally validated a mode of action
for this type of CTL escape, consisting of impairing peptide trimming at the NH2-terminus by the

ER-associated aminopeptidase-I prior to HLA-loading.

1.3.1.2 Disruption of HLA-epitope binding

In the second mechanism, CTL-escape mutations act by disrupting the HLA-epitope
binding interface (225-232). HLA-peptide interactions have been well characterized for a wide
range of HLA class I allotypes and are known to be highly dependent on crucial interactions
involving anchor residues. In HLA class I, these anchor positions generally occur at position 2
and/or the C-terminus of epitopes. Disruption of these anchor positions by mutation events has

been shown to be highly detrimental to the interaction between epitopes and the B/F binding
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pockets of HLA molecules. In a study by Carslon et a/ in which HLA-associated polymorphism
were analysed in a cohort of 1,888 infected (treatment-naive) individuals, anchor residue-
associated mutations occurred 1.8-fold more than at other positions amongst 9-mer epitopes, and
were predicted to induce a 10-fold reduction in HLA-binding affinity (226). From a functional
perspective, multiple studies have experimentally connected peptide binding and CTL-response
impairment to epitope-associated mutations. Examples include the well-established I135R
mutation in HIV-1’s DNA Polymerase (Pol) protein, which was shown to decrease binding of
peptide TAFTIPSI to HLA-B*51, and to subsequently reduce the breadth of B*51-TAFTIPSI-
specific CD8+ T cell responses (229). R264X mutations at anchor position 2 of the
immunodominant B*27-restricted epitope KRWIILGLNK (gag 263-272) resulted in significant
reduction of binding leading to a reduction in B*27-KRWIILGLNK-specific CD8+ T cell response
(230,233,234). R264T and R264Q were shown to lead to a 348 and 30-fold decrease in binding

affinity, respectively, and to both dramatically impair CTL response.

1.3.1.3 Disruption of epitope-TCR binding

In the third mechanism, epitope-associated mutations may specifically disrupt the
interaction between a T-Cell Receptor (TCR) and a peptide-HLA complex. In such cases, the
epitope-associated mutation will minimally disrupt peptide-HLA interactions but will result in a
reduction in CTL response to the peptide-HLA complex(235-237). While escape mutants have
been extensively described in HIV-1, their role in SARS-CoV-2 infection remains unknown. The
shaping of anti-SARS-CoV-2 CTL responses by SARS-CoV-2’s mutational landscape could not
only provide a more comprehensive understanding of disease severity, but could also shape

vaccine development.
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1.3.2  SARS-CoV-2 T cell epitopes

1.3.2.1 SARS-CoV-2 T cell epitope databases

An important component for the characterization of the relationship between a virus and the
cellular immune system consists of identifying the repertoire of clinically relevant T cell epitopes.
Important features include HLA restrictions and immunodominance. Over the course of the current
pandemic, numerous groups have investigated and identified CD8+ and CD4+ T cell SARS-CoV-
2 epitopes (238-241). To facilitate the analysis of clinically relevant T cell epitopes, Quadeer et
al. developed a database along with a wed interface providing information to the scientific
community regarding the most up-to-date set of experimentally validated CD8+ and CD4+ T cell
SARS-CoV-2 epitopes (242). Thus far, Quadeer ef al. reviewed 25 separate studies, from which
843 epitope-HLA pairs in the context of 60 distinct HLA types were acquired. In addition, the
database information regarding the relevance of each epitope, in the form of standard frequency
response (RF) as well as the number of distinct studies reporting each individual epitope-HLA

pair. The web application can be found at https://www.mckayspcb.com/SARS2TcellEpitopes/.
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Figure 1.5. Mechanisms of T cell-based immune evasion by HIV-1. Viral mutations may evade T cell recognition by
disrupting HLA-epitope binding (a), disrupting epitope processing (b), or disrupting TCR-epitope binding (c).

Adapted from Carlson et al. 2014 (243).
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1.4 Hypotheses and Objectives

Hypothesis: We hypothesize that the mutation types describing the global SARS-CoV-2
mutational landscape over the course of the first year of the pandemic will not randomly
distributed, but rather governed by specific mutation types. Moreover, we hypothesize that
the observed mutational patterns will disproportionately impact the presentation of CD8+
T cell epitopes in an HLA-dependant manner.

Objectives: i) Using a combination of in-house and standardized software, we will analyze
the SARS-CoV-2 viral sequences from the first year of the pandemic available on GISAID
in order to characterize the global mutational landscape. ii) Using a combination of HLA-
peptide binding assays, peptide presentation predictors, as well as datasets of externally
validated CD8+ epitopes, we will assess the impact of the global mutational landscape on
the presentation of epitopes by HLA alleles. This analysis will be conducted in an HLA

dependent as well as HLA supertype dependent manner.
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2.1 Abstract

The rapid, global dispersion of SARS-CoV-2 has led to the emergence of a diverse range of
variants. Here, we describe how the mutational landscape of SARS-CoV-2 has shaped HLA-
restricted T cell immunity at the population level during the first year of the pandemic. We
analyzed a total of 330,246 high quality SARS-CoV-2 genome assemblies, sampled across 143
countries and all major continents from December 2019 to December 2020 before mass
vaccination or the rise of the Delta variant. We observed that proline residues are preferentially
removed from the proteome of prevalent mutants, leading to a predicted global loss of SARS-CoV-
2 T cell epitopes in individuals expressing HLA-B alleles of the B7 supertype family; this is largely
driven by a dominant C-to-U mutation type at the RNA level. These results indicate that B7
supertype associated epitopes, including the most immunodominant ones, were more likely to

escape CD8+ T cell immunosurveillance during the first year of the pandemic.

2.2 Introduction
As of September 2021, the COVID-19 pandemic, caused by the novel Severe Acute
Respiratory Syndrome Coronavirus 2 (SARS-CoV-2), has led to upwards 4.6 million deaths and

222 million confirmed cases worldwide (https://coronavirus.jhu.edu/map.html), making vaccine

development and deployment an urgent necessity (244). As a result of unprecedent efforts,
vaccines have been developed and licensed within a 1-year timeframe and are currently being

widely distributed for mass vaccination (245).
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A clear understanding of the natural protective immune response against SARS-CoV-2 is
essential for the development of vaccines that can trigger lifelong immunologic memory to prevent
COVID-19 (246,247). Since the start of the pandemic, numerous studies have investigated the
association between COVID-19 clinical outcomes and SARS-CoV-2 specific antibodies and T cell
immunity (248-257). Memory may be a concern for SARS-CoV-2 specific antibodies, as they
were recently shown to be present in convalescent COVID-19 patients in a highly heterogenous
manner (258) and, in some cases, observed to be undetectable just a few months post-infection
(259). In contrast, an increasing number of studies point CD4+ and CD8+ T cells as key regulators
of disease severity (253,255,260-262). Studies of convalescent COVID-19 patients have also
shown broad and strong CD4+ and CD8+ memory T cells induced by SARS-COV-2, suggesting
that T cells may provide robust and long-term protection (258,263). Similar observations have
been made for the most closely related human coronavirus, SARS-CoV, for which T cells have
been detected 11 years (264) and 17 years (251) after the initial infection, whereas antibodies were
noted to be undetectable after 2-3 years (265-267). Thus, vaccines designed to produce robust T
cell responses are likely to be important for eliciting lifelong immunity against COVID-19 in the

general population.

To investigate how T cells could contribute to long-term vaccine effectiveness, precise
knowledge about SARS-CoV-2 T cell-specific epitopes is of paramount importance (268). To this
end, bioinformatics tools were developed to predict T cell-specific epitopes during the early phase
of the pandemic (269). A comprehensive map of epitopes recognized by CD4+ and CD8+ T cell

responses across the entire SARS-CoV-2 viral proteome was also recently reported (270). The
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structural proteins Spike (S), Nucleocapsid (N) and Membrane (M) were shown to be rich sources
of immunodominant HLA-associated epitopes, accounting for a large proportion of the total CD4+
and CD8+ T cell response in the context of a broad set of HLA alleles (270). As of May 2021,
~700 HLA class I-restricted SARS-CoV-2-derived epitopes have been experimentally validated

(https://www.mckayspcb.com/SARS2TcellEpitopes/) (271).

T cell epitopes that have been mapped across the entire SARS-CoV-2 viral proteome are
reference peptides that are unmutated because they have been predicted from the sequence of the
original SARS-CoV-2 that emerged from Wuhan, China (269). However, analyses of
unprecedented numbers of SARS-CoV-2 genome assemblies available from large-scale efforts
have shown that SARS-CoV-2 is accumulating an array of mutations across the world, leading to
the circulation and transmission of thousands of variants around the globe at various frequencies,
and hence, contributing to the global genomic diversification of SARS-CoV-2 (272-277). This
extensive diversification has resulted in widespread variants such as B.1.1.7 (Alpha), B.1.351
(Beta), B.1.617.2 (Delta) (66,67,88). Although the Delta lineage was not yet present in the human
population during the first year of the pandemic, it is of the utmost importance to continually
interrogate the relationship between emerging SARS-CoV-2 variants and the adaptive immune
system (278). In addition, it is important to highlight here that the pool of mutations observed in
SARS-CoV-2 sequences were shown to be associated with a remarkably high proportion of
cytidine-to-uridine (C-to-U) changes that were hypothesized to be induced by members of the
APOBEC RNA-editing enzyme family (273,279-286). Since shown for other viruses (287,288),
we reasoned that the putative action of such host enzymes during the first year of the pandemic

could lead to the large-scale escape from immunodominant and protective SARS-CoV-2-specific
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T cell responses, thereby potentially compromising their effectiveness to control the virus at the

population-scale.

In this study, we report a comprehensive study of the global genetic diversity of SARS-CoV-
2 to expose the impact of mutation bias on epitope presentation and HLA-restricted T cell response
within the first year of the pandemic, from December 2019 to December 2020. More specifically,
we asked the following questions: 1) What are the impact of SARS-CoV-2 prevalent mutations
detected across the global human population on the repertoire of validated SARS-CoV-2 T cell
targets, with specific emphasis on CD8+ T cell epitopes? and 2) Are mutational patterns in the
genomic and proteomic composition of SARS-CoV-2 indicative of disrupted (or enhanced)
epitope presentation and T cell immunity in human populations? By answering these questions,
we provide a theoretical framework to understand how SARS-CoV-2 mutants have shaped T cell
immunity to evade effective T cell immune responses at the population level during the first year
of the pandemic, i.e. without mass vaccination-induced immune pressure on viral evolution and

adaptation.

2.3 Results

2.3.1 The global diversity of SARS-CoV-2 genomes influences the repertoire of T cell targets
As of May 2021, nearly 1.7M complete SARS-CoV-2 genome assemblies are publicly available
via the GISAID repository. In the context of this large-scale effort, we performed a global analysis
of SARS-CoV-2 genomes to assess whether mutations that emerged during the first year of the
pandemic could disrupt HLA binding of clinically relevant SARS-CoV-2 CD8+ T cell epitopes.

First, we identified missense mutations by aligning 330,246 high-quality consensus SARS-CoV-2
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genomic sequences (GISAID; December 315 2020, prior to mass vaccination) to the reference
sequence, Wuhan-1 SARS-CoV-2 genome (Figure 2.1). We found a total of 13,780 mutations
identified in at least 4 SARS-CoV-2 genomes/individuals from GISAID, including 1,721 unique
amino acid mutations in the S protein, with D614G as the most frequent one (94%) (274) (Table
S1 and Table S2). Next, we implemented a bioinformatics pipeline to assess the impact of these
mutations on HLA binding for 620 unique SARS-CoV-2 HLA class I epitopes that were recently
reported to trigger a CD8+ T cell response in acute or convalescent COVID-19 patients (270,271)
(see Methods). On average, we found that the predicted binding affinity of 181 of these SARS-
CoV-2 epitopes (30%) for common HLA-I alleles was reduced by ~100-fold (Table S3 and Figure
2.1). It is also apparent that mutations negatively impacted the HLA binding affinity of 56 (31%)
and 19 (10%) CD8+ T cell epitopes located in the immunodominant S and N proteins, respectively
(Figure 2.2A,B). Notably, a gap in the N protein, composed of a serine-rich region, is associated
with higher mutation rate and a marked lack of predicted T cell epitopes and response (Figure

2.2B). Epitopes located in the RBD vaccine locus were also impacted by mutations (Figure 2.2C).

Loss of epitope binding for commonly expressed HLA class I molecules was validated in
vitro for a subset of representative SARS-CoV-2 epitopes (Figure 2.S1). Of relevance, we found
that the common D614G mutation in the S protein is linked to a 15-fold decrease in the binding
affinity for the mutated HLA-A*02:01 epitope YQGVNCTEV when compared to the
reference/unmutated epitope YQDVNCTEV (Figure 2.S1A,B). Our analysis also identified a

mutation in the HLA-B*07:02-restricted N105 epitope SPRWYFY YL, which is one of the most
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A B 13,780 missense mutations

Download SARS-CoV-2 Mutated sequences / Reference sequences
sequences from GISAID

i ' 92,860 mutation-associated predicted peptides

Translate and align mutated ' 67,234 epitopes
Subject to WB €-> NB transition SB: Strong binder, %Rank < 0.5

and reference ORFs
' 7,036 epitopes WB: Weak binder, %Rank < 2.0
i Subject to SB <> NB transition |NB: Non-binder, %Rank >2.0

Generate short sequence
windows consisting of 14 @ ——» 355 mutated epitopes matching the validated

amino acids before and after C CD8+ T cell epitopes
each mutation

. . . Reference |Mutated EL
Peptide Protein Mutation EL Rank (%)| Rank (%) Impact
FPP/LTSFGPLV ORF1b P214L 16.0032 0.8133 No Effect
Predict HLA-I peptides using VLFSTVFPP/L ORF1b P214L 3.8846 0.3436 Gain
NetMHCpan (8-12 a.a. VLYQD/GVNCT Spike D614G 2.2374 1.6168 | No Effect
length for 12 HLA alleles) VLYQD/GVNCTEV Spike D614G 0.5089 0.4271 No Effect
YQD/GVNCTEV Spike D614G 0.9048 2.7219 No Effect
FL/FYENAFL ORF1a L3606F 0.1427 6.8425 Loss
FL/IFYENAFLP ORF1a L3606F 0.4213 7.3316 Loss
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Figure 2.1. Impact of SARS-CoV-2 mutations on CD8+ T cell epitopes. (A) Bioinformatic pipeline for the
prediction of SARS-CoV-2 mutated class I peptides associated to 12 common HLA alleles. (B) Pyramidal graph
showing the number of i) missense mutations in SARS-CoV-2 genomes, ii) predicted class I mutated peptides, iii)
predicted class I peptides subject to Weak Binder (WB) to Non-Binder (NB) and Strong Binder (SB) to NB
transition (epitope loss category), and iv) predicted class I mutated peptides matching reference CD8+ T cell
epitopes that have been experimentally validated. (C) Representative examples of predicted class I mutated peptides

and the impact of the identified amino acid mutation (bold) on peptide binding to a given HLA-I allele. Reference
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and mutated EL (eluted ligand) Rank (%) generated by NetMHCpan 4.1 EL is indicated for individual predictions.
Gain = NB to SB (pale red); Loss = SB to NB (pale green). (D) Left panel: number of unique mutations leading to
‘Gain’ or ‘Loss’ of class I peptides for the indicated HLA-I alleles. Right panel: number of unique mutations
showing no effect on peptide binding for the indicated HLA-I alleles. (E) Frequency of amino acid substitution
types leading to loss of HLA binding for experimentally validated SARS-CoV-2 CD8+ T cell epitopes (from
Quadeer et al. 2021). Mutations considered were those detected in more than 4 individuals (GISAID) and predicted
to lead to a strong loss of HLA-epitope binding for common HLA-I alleles. Top: number of unique missense
mutations for various amino acid substitution types. Bottom: Log, fold change (mutated / reference) of predicted
loss of HLA-epitope binding (NetMHCpan4.1 %Rank) for the various amino acid substitution types. Each dot

represents an epitope pair (mutated / reference). Color indicates HLA-I alleles affected by the mutations.

immunodominant SARS-CoV-2 epitope (254,270,289-292). Although relatively rare (found in
only two genomes), the mutation in the N105 epitope consists of P=>S at anchor residue position
P2 (P106S: SPRWYFYYL - SSRWYFYYL) (Figure 2.2B) and is predicted to decrease HLA
epitope binding by 47-fold (Figure 2.4D), thereby likely reducing the breadth of the immune
response in B*07:02 individuals carrying this mutation. Moreover, our global analysis validated
the presence of two previously reported CD8+ T cell mutated epitopes (i.e. GLMWLSYFI -
GEMWLSYFI, found in 38 genomes; and MEVTPSGTWL - MKVTPSGTWL, found in 23
genomes), which were shown to lose binding to HLA-A*02:01 and -B*40:01, respectively, in
addition to disrupt epitope-specific CD8+ T cell response in COVID-19 patients (Figure 2.S2)
(293). Together, these results demonstrate that mutations driving the global genomic diversity of
SARS-CoV-2 can drastically disrupt HLA binding of clinically relevant CD8+ T cell epitopes,
including epitopes encoded by the immunodominant S and N antigens, therefore affecting epitope-

specific T cell responses in COVID-19 patients.
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Figure 2.2. Distribution of CD8+ T cell epitopes and their mutated variants across the immunodominant
Spike (S) and Nucleocapsid (N) antigens. (A, B) Lower panel: blue dots showing all mutations that occurred in at
least 4 SARS-CoV-2 genomes (GISAID). Middle panel: epitope density showing the overlap of HLA class I
epitopes predicted within the 1st percentile for 12 queried HLA-I molecules. Upper panel: dots showing the
frequency of CD8+ T cell response as determined from multiple studies aggregated in Quadeer et al. 2021. Red dots

are mutated epitopes wherein the mutation event led to a predicted loss of binding. Sequences of specific epitopes

63



are shown with the mutant amino acid in red. The red box in the N protein highlights a serine-rich region associated
with no T cell response, low epitope density and high mutation frequency. (C) 3D structure of the S glycoprotein
(Moderna Vaccine) and highlighted in yellow is the Receptor Binding Domain (Pfizer Vaccine). Shown in red are

mutated epitopes wherein mutation events led to a predicted loss of HLA binding.

In addition to mutations leading to a loss of HLA epitope binding, we identified a
significant number of mutations predicted to enhance the presentation of peptides by their
respective HLA molecules, leading to a ‘Gain’ of binding (Figure 2.1C,D and Figure 2.S3).
Because the unmutated epitopes are predicted to be non-HLA binders, these mutations were not
searched against the list of known validated epitopes, which consist of strong-HLA binding
reference epitopes. Whether SARS-CoV-2 mutations predicted to increase HLA epitope binding
can enhance T cell responses to control the virus in COVID-19 patients remains to be determined

experimentally.

2.3.2  Amino acid mutational biases shape the global diversity of SARS-CoV-2 proteomes

While analysing the impact of the mutational landscape of SARS-CoV-2 on experimentally
validated CD8+ T-cell epitopes, we observed that specific mutation types were over-represented
while others were under-represented (Figure 2.1E and Figure 2.S1C,D). For instance, we found
that 31% of the prevalent mutations (i.e. found in >100 genomes) predicted to abrogate the
presentation of experimentally validated CD8+ T cell epitopes (Quadeer et al. 2021) led to the
removal of proline residues (Pro—=>X) (Figure 2.S1C). These observations led to the hypothesis

that the disproportionate presence of certain mutation types amongst mutations predicted to disrupt
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peptide presentation could originate from biases in the proteome of SARS-CoV-2 mutants. To
further investigate whether specific amino acid mutational biases could be observed globally in
the proteome of SARS-CoV-2 mutants, we asked whether certain amino acid residues were
preferentially removed from, or introduced into the global proteomic diversity of SARS-CoV-2,

thereby potentially diversifying CD8+ T cell epitopes in a systematic manner.

To test this, we computed all residue substitutions (amino acid removed and introduced)
found in SARS-CoV-2 proteomes and calculated Global Residue Substitution Output (GRSO)
values, i.e. the % difference in overall amino acid composition for individual amino acids (see
Methods for details). GRSO values were computed for mutations found at various frequencies in
GISAID (i.e. found in only 1 genome, 2 to 100 genomes, 100 to 1000 genomes and > 1000
genomes) (Figure 2.3). Distinct mutational patterns at the amino acid level were observed amongst
mutations detected in more than 100 genomes/individuals (Figure 2.3), referred to in this study as
‘prevalent mutations’ (see Methods and Table 2.S2). Amongst those mutations, the amino acids
alanine (A), proline (P) and threonine (T) were preferentially removed by 10.2% (p = 1.2x10713),
9.1% (p = 1.6x10°"%), and 10.5% (p = 1.3x10"'%), respectively. In contrast, phenylalanine (F),
isoleucine (I), leucine (L) and tyrosine (Y) were preferentially introduced by 13.4% (p = 2.0x10"
17), 15.2% (p = 2.4x1017), 4.3% (p = 6.3x10°'") and 5.0% (p = 7.0x10°'%), respectively (Figure
2.3). Statistical significance of these GRSO values was assessed by generating simulated samples
of 1000 SARS-CoV-2 genomes evolving under neutrality (N = 10 replicates) using the SANTA-
SIM algorithm (294) (see Methods for details). Of note, mutations that were detected in 2 to 100
individuals appeared significantly more neutral, with none of the mutational patterns enriched

above the selected cut-off values (fold change > 4; p-value < 1x10-'!). Thus, our results show that
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specific amino acid residues were preferentially removed or introduced in the proteome of SARS-
CoV-2 mainly by prevalent mutations. Therefore, we introduce the notion that the global diversity
of SARS-CoV-2 proteomes is shaped by specific amino acid mutational biases. Such biased amino
acid compositions generated by prevalent mutations may have a systematic impact on epitope
processing and presentation to shape SARS-CoV-2 T cell immunity in human populations. To
address this systematic impact, all downstream analyses described in this study were performed

from the set of 1,933 prevalent mutations (identified in >100 genomes) listed in Table 2.S2.
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Figure 2.3. Global amino acid mutational biases in SARS-CoV-2 proteomes. A total of 330,246 SARS-CoV-2
genomes were translated into protein sequences and analyzed for the identification of any amino acid mutational
bias. Amino acid residues (x-axis) that were removed and introduced in SARS-CoV-2 variants are presented by
negative and positive %-difference in overall amino acid composition (GRSO values; y-axis), respectively. Analysis
of mutational biases was performed for mutations occurring at various frequencies: 1 genome (blue line), 2 to 100
genomes (yellow line), 100 to 1000 genomes (green line) and more than 1000 genomes (red line). Simulations of
neutral evolution simulation (random mutations; black lines) were performed using the SANTA-SIM algorithm and
serve as control for assessing the statistical significance of the observed pattern for individual amino acid residues.
The dotted red lines show the cutoff values (fold change > 4; p-value < 1x10!'!) that were used to define the residues

that were preferentially removed or introduced (asterisk).
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2.3.3 Prominent removal of proline residues leads to a predicted global loss of epitopes
presented by HLA-B7 supertype molecules

The association of peptides with the binding groove of HLA molecules largely relies on
the presence of anchor residues, also known as peptide binding motifs (295). Hundreds of different
peptide binding motifs have been reported over the last decades (296). Overlapping binding motifs
are qualified as "HLA supertypes" on the basis of their main anchor specificity (297,298). Of
relevance here, proline acts as a critical anchor residue at position P2 for epitopes presented by
HLA-B7 (B7) supertype molecules, which include a wide range of commonly expressed HLA-B
alleles in humans, i.e. HLA-B*07, -B*15, -B*35, -B*42, -B*51, -B*53, -B*54, -B*55, -B*56, -
B*67 and B*78 (297). In fact, the B7 supertype covers ~35% of the human population (Francisco
et al., 2015). Hence, we reasoned that the global removal of proline residues observed in the
proteome of prevalent SARS-CoV-2 mutants (Figure 2.3) could drastically compromise T cell
epitope binding to B7 supertype molecules, thereby potentially interfering with SARS-CoV-2 T

cell immunity in a relatively large proportion of the human population.

Due to the preferential removal of proline by prevalent mutations, we investigated the
extent at which proline residues were substituted at anchor binding position P2 and, consequently,
resulted in loss of epitopes presented by B7 supertype molecules. To answer this, we performed
the following four steps: (i) We applied NetMHCpan 4.1 (299) using the reference and mutated
SARS-CoV-2 genomes to generate a list of all possible reference/mutated peptide pairs (8-11
mers) predicted to bind 16 common HLA-B types that belong to the B7 supertype family (Figure
2.S4B). (ii)) We analyzed all reference/mutated peptide pairs, along with their differential predicted
binding affinities to quantitatively identify HLA strong binder (SB) to non-binder (NB) transitions

[(SB) NetMHCpan %rank < 0.5 to (NB) NetMHCpan %rank >2]. (ii1) We categorized all peptide
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pairs based on the mutation type (amino acid X a amino acid Y) and the position of the mutation
within the peptide sequence. (iv) Lastly, we quantified the number of reference/mutated peptide
pairs and the associated fold-change in predicted binding affinity for each category. Our results
show that prevalent mutations predicted to impact the presentation of peptides by the B7 supertype
are dominated by PaL (p = 8.6x10-3%) and PaS (p = 3.4x10-2%) substitutions at anchor residue
position P2 (Figure 2.4A,B). Reference/mutated peptide pairs from these categories were the most
abundant, with > 250 mutated peptides per category (Figure 2.4C). P->L and P—>S mutations
resulted, on average, in a 61-fold reduction in predicted HLA binding affinity for a representative
set of clinically validated CD8+ T cell epitopes (Figure 2.4D).

In addition to the dominant PaS/L substitution type, other PaX substitutions were observed,
including in variants of concern. For instance, our most recent analysis (August 2021) of mutations
found in the Pangolin B.1.1.7 variant (Alpha) showed that the P68 1H mutation found in the Spike
protein led to disrupted association of the reference epitope SPRRARSVA for several HLA-B7
types. In fact, the P-to-H substitution resulted in a strong loss of epitope binding predicted for 7/16
HLA-B7 types tested. Notably, the more recent B.1.617.2 (Delta) variant was also found to disrupt
the same epitope SPRRARSVA via a proline-to-arginine mutation in the Spike protein
(Spike:P681R) (Figure 2.2A). Thus, our results strongly suggest that biased substitutions of
proline residues in the proteome of SARS-CoV-2 shapes the repertoire of epitopes presented by
B7 supertype, including epitopes encoded by the genome of the B.1.1.7 and B.1.617.2 variants.
This finding lets us to propose that mutation biases found in SARS-CoV-2 may contribute to CD8+

T cell epitope escape in a B7 supertype-dependent manner.
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Figure 2.4. Mutation of proline (P) at the anchor residue position for B7 supertype-associated epitopes. (A)

(Left panel) Motif view of SARS-CoV-2 reference peptides predicted to bind B7 supertype molecules (HLA-

B*07:02, -B*35:03, -B42:02 , -B*5101, -B*53:01, -B*54:01, -B*55:01, -B*56:01, -B*67:01). (Right panel) Motif

view of the corresponding mutated peptides. (B) Heat map showing the frequency of specific amino acid

substitutions between reference and mutated peptides. (C) Graph showing the number of mutations (upper panel; y-

axis) leading to specific amino acid substitutions (x-axis) at anchor residue positions P2 (red dots) and P9 (green

dots) or elsewhere (black dots). Dotted red line indicate the cutoff used to define dominant substitutions. The lower
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panel shows fold changes for individual amino acid substitutions. (D) Experimentally validated CD8+ T cell
epitopes (from Quadeer et al. 2021) that are affected by the lost of a P residue. Mutated epitopes encoded by Spike
(S), Nucleocapside (N), Open Reading Frame (ORF) 1a, 1b and 3a are shown as representative exemples. Effect of
the P—X substitutions on predicted epitope binding affinities (NetMHCpan 4.1 %Rank) is shown. Data of

magnitude of T cell response for reference epitopes were obtained from Quadeer et al. 2021.

2.3.4 The mutational landscape of SARS-CoV-2 enables disruption or enhancement of epitope
presentation in an HLA supertype-dependent manner

We found that specific amino acid residues were preferentially removed (proline, alanine
and threonine) or introduced (isoleucine, phenylalanine, leucine and tyrosine) in SARS-CoV-2
proteomes (Figure 2.3). Most of these amino acids act as key epitope anchor residues for multiple
HLA class I supertypes (Figure 2.S4). For instance, phenylalanine and tyrosine are key anchor
residues for all known A*24 alleles of the A24 supertype family, whereas proline is known to play
a critical role in the anchoring of epitopes to alleles of the B7 supertype family (Figure 2.5).
Therefore, one would expect the introduction of phenylalanine and tyrosine in SARS-CoV-2
proteomes to facilitate peptide presentation by A24, whereas the removal of proline would disrupt
peptide presentation by B7. With this concept in mind, we hypothesized that the distinct amino
acid mutational biases found throughout prevalent SARS-CoV-2 mutations could systematically

mold epitope presentation in an HLA supertype-dependent manner.
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Figure 2.5. Loss or gain of SARS-CoV-2 mutated epitopes for different HLA class I supertypes. (A, B) Motif
views showing established epitope binding motifs for different HLA-I alleles that belong to the HLA-B7 (A) and
HLA-A24 (B) supertype family. Shaded squares highlight anchor residues that are preferentially removed (pale
green) or introduced (pale orange) in SARS-CoV-2 proteomes (related to Figure 3), respectively. Histograms below
the motif views indicate the number of frequent mutations (identified in at least 100 individuals) leading to the loss
or gain of epitopes. (C) ‘Gain/Loss plots’ showing number of mutations (y-axis) leading to a significant loss (pale

green) or gain (pale orange) of epitopes for different HLA class I supertypes. Each black dot represents the number
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of mutations associated with gain and loss of epitopes for a given HLA-I allele. Between 14 to 19 alleles per

supertype (Figure S4) were used to generate the graphs and p-values (*p < 0.001, **p < le-5, ***p < le-10).

In order to compare supertypes to each other, we generated a ‘Gain/Loss plot’ for each
supertype assessed (Figure 2.5C). Gain/Loss plot were generated by computing the number of
mutations that resulted in ‘Gain’ or ‘Loss’ of epitopes for representative class I alleles selected for
each supertype (see methods for details). ‘Gain’ was assigned for mutated epitopes that were
predicted to transit from non-HLA binders (NetMHCpan %rank > 2) to strong HLA binders
(NetMHCpan %rank < 0.5), whereas ‘Loss’ was assigned for mutated epitopes that were predicted
to transit from strong HLA binders to non-HLA binders. Our analysis shows that most supertypes
preferentially gain new epitopes as a result of SARS-CoV-2 mutations: Al (p =4.5x107!1), A2 (p
=0.001), A24 (p = 1.0x10%%), B8 (p = 2.4x10"'%), B27 (p = 2.5x10°°). Preferential loss of epitopes
was only shown to be statistically significant for B7 supertype (p = 0.0012). Note that we explain
the relatively low statistical value obtained for B7 supertype by the presence of isoleucine and
phenylalanine (preferentially introduced in SARS-CoV-2 proteomes; see Figure 3) at anchor
residue P9 for certain HLA types (namely HLA-B*51:01 and HLA-B*53:01) (Figure 2.5A). In
fact, omitting motifs containing isoleucine or phenylalanine increased the significance of epitope
lost versus gained (p = 2.6x10”7) (Figure 2.5C). Together, our results show that the amino acid
mutational biases that feature the global diversity of SARS-CoV-2 proteomes can positively or
negatively affect binding affinities of mutated epitopes for a wide range of HLA class [ molecules

in a supertype-dependent manner.
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2.3.5 The C-to-U point mutation bias largely drives diversification of SARS-CoV-2 T cell
epitopes

Next, we sought to better understand the genetic determinants that drive the association
between epitope presentation and the amino acid mutational biases found in the SARS-CoV-2
population. To this end, we analyzed the abundance of all the possible nucleotide mutation types
(i.e. A-to-C, A-to-G, A-to-U, C-to-A, C-to-G, C-to-U, etc.). This analysis indicates that C-to-U is
the most common mutation type (43%), followed by G-to-U (28%), as well as A-to-G, G-to-A and
U-to-C (from 9.7% to 11.6%) (Figure 2.S5A), in line with observations made by others (279—

286).

Next, we aimed to determine the contribution of these different nucleic acid mutation types
to the global mutational pattern observed at the amino acid level in Figure 3. To do so, we
generated simulated population samples of 1000 SARS-CoV-2 genomes using SANTA-SIM
(294), applying various extents of mutational biases corresponding to the two most common
mutation types observed (i.e. C-to-U and G-to-U). The resulting simulated viral populations were
then analyzed to elucidate the global amino acid mutational pattern engendered by these simulated
nucleic acid point mutation biases, and whether they recapitulate the observed patterns. Indeed,
our data show that the mutational pattern resulting from the simulated C-to-U bias very closely
mimicked the mutational pattern observed in the real-life dataset (Figure 2.6A). Namely, the in
silico introduction of a C-to-U mutation bias resulted in the preferential removal of alanine,
proline, and threonine, by 6.7% (p = 5.1x10°'"), 6.9% (p = 1.2x10"'") and 8% (p = 4.8x10°'2),
respectively, as well as the introduction of isoleucine and phenylalanine by 8.2% (p = 1.3x10%)
and 5.2% (p = 4.3x107!"), respectively (Figure 2.6A). The G-to-U mutation bias also contributed

to the introduction of isoleucine and phenylalanine (Figure 2.S5B). Together, these results show
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that the predominant C-to-U point mutations largely contribute to shaping the global proteomic

diversity of SARS-CoV-2.
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SARS-CoV-2 genomes. Amino acid residues (x-axis) that were removed (y-axis; negative values) and introduced
(y-axis; positive values) in real-life (red line) versus simulated (black, blue and green lines) SARS-CoV-2 are
presented by %-difference in overall amino acid composition (y-axis; GRSO values), respectively. Evolution of

SARS-CoV-2 was simulated by introducing various extents of C-to-U biases, i.e. x1, x15 and x20 (n = 10). The red
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line shows the pattern obtained from mutations identified in more than 100 SARS-CoV-2 genomes, related to Figure
3. (B) (Top) Pie chart showing the proportion of nucleotide substitution types from the list of validated CD8+ T cell
epitopes in Quadeer et al. 2021. (Bottom) Pie chart showing the proportion of nucleotide substitution types from the
list of validated CD8+ T cell epitopes that belong to the B7 supertype family in Quadeer et al. 2021. (C) Schematic
illustrating the C-to-U-mediated epitope escape model. The observed P-to-S substitution in the immunodominant

SPRWYLFYYL epitope from the Nucleocapsid (N) antigen is shown as an example.

Given the significant impact of the C-to-U point mutation bias on the amino acid content of
SARS-CoV-2 proteomes, we reasoned that C-to-U could be the main driver shaping the repertoire
and diversification of SARS-CoV-2 T cell targets in human populations, including targets
presented by the particularly interesting B7 supertype molecules. To investigate this, we used all
the SARS-CoV-2 CD8+ T cell epitopes that were experimentally validated using PBMCs of acute
and convalescent COVID-19 patients (270,271) and matched them with their corresponding
nucleic acid sequence found in reference/mutated genome pairs. We then calculated the frequency
of the various mutation types (i.e. A-to-C, A-to-G, A-to-U, C-to-A, C-to-G, C-to-U, etc.) coding
for the mutated form of those experimentally validated CD8+ T cell epitopes. We found that C-to-
U and G-to-U were the two main mutation types leading to mutated epitopes, both accounting for
37% of all mutation types amongst prevalent mutations (>100 individuals) (Figure 2.6B). In
addition, our data show that 62% of the prevalent mutations predicted to disrupt the presentation
of epitopes by HLA alleles for the B7 supertype were found to derive from the C-to-U mutation
type (Figure 2.6B). These results strongly suggest that the dominant C-to-U point mutation bias
found amongst prevalent SARS-CoV-2 mutants has the potential to contribute to shaping the
repertoire of SARS-CoV-2 T cell epitopes in B7 supertype individuals across human populations.

Collectively, our study lets us to propose the model that C-to-U editing enzymes play a
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fundamental role in shaping the mutational landscape dynamics of SARS-CoV-2 CD8+ T cell
targets in humans (Figure 2.6C), and hence, may contribute to molding T cell immunity against

COVID-19 at the population level.

2.4 Discussion

Mutations contribute to the genetic diversity of SARS-CoV-2 and shape the progression of the
COVID-19 pandemic (272,273,300). T cells are key players controlling COVID-19 disease
severity. Therefore, determining whether and how the mutational landscape of SARS-CoV-2
shapes HLA-restricted T cell responses is fundamentally important. Traditionally, most studies
have investigated how viral mutations are shaped by T cell response in the context of HLA -typed
cohort patients. This type of approach sought to determine the evolutionary relationship between
HLA genotypes and variants of long-standing viruses such as HIV-1 (301,302) and influenza
(303). In the case of a novel virus such as SARS-CoV-2, such a relationship remains to be
established and does not constitute the scope of our work. Here, we rationalized that an alternative
approach to interrogating SARS-CoV-2 epitope-associated variants is by investigating the global
genomic and proteomic diversity of SARS-CoV-2 for any outstanding mutational biases, and then,
assessing the relationship between such biases and epitope presentation for a broad set of HLA
alleles. In other words, in this study, we did not seek to understand how viral mutations are shaped
by T cell immunity, but rather to understand how mutational biases in SARS-CoV-2 may have
shaped T cell immunity at the population level during the first year of the pandemic. This approach
was possible thanks to an unprecedented number of SARS-CoV-2 genome sequences available for
downstream analysis. Our approach is universal and could be applied to other viruses in the future,

given the development of distinct, prevalent mutational biases. Our global approach has led to
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several conclusions to help understand how the increasing genomic diversity of SARS-CoV-2 may
shape T cell immunity in human populations. Our findings have important implications that are

discussed below in the context of disease severity, viral evolution and vaccine resistance.

In this study, we found that prevalent SARS-CoV-2 mutations are governed by defined
mutational patterns, with C-to-U being a predominant mutation type, as previously shown by
others (279-286). In fact, we show that the C-to-U mutation bias in SARS-CoV-2 genomes has a
remarkably intimate relationship with the observed amino acid mutational biases, indicating that
C-to-U mutations largely contribute to the global proteomic diversity of SARS-CoV-2. Moreover,
we show that this mutational bias leads to the preferential substitution of proline residues with
leucine or serine residues in the P2 anchor position of SARS-CoV-2 CD8+ T cell epitopes, and
hence, drastically compromise epitope binding to B7 supertype molecules. These molecules,
which represent ~35% of the human population, preferentially bind epitopes with proline at P2
(304)(Francisco et al., 2015). Therefore, the C-to-U mutational bias observed amongst prevalent
mutants may partially disrupt SARS-CoV-2 T cell immunity in a very significant proportion of the
human population. Noteworthy, this impact of C-to-U mutations on B7-dependent epitope escape
was somehow predictable. In fact, proline residues originate from codons that are highly rich in C
whereas serine and leucine residues originate from codons that are rich in U. One could therefore
predict, at least to some extent, that a strong C-to-U bias would lead to proline-to-leucine or
proline-to-serine substitutions. Thus, this study highlights the impact of viral mutational biases
and codon usage in shaping the diversity of CD8+ T cell targets. The impact of the loss of several

B7 epitopes on the immune response of an individual, however, remains unclear.
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In this study, we observed that proline=> X mutations were more enriched amongst prevalent
mutations (>100 genomes) predicted to abrogate the presentation of experimentally validated
CD8+ T cell epitopes than across the global mutation landscape of SARS-CoV-2 proteomes (31%
and 9.1%, respectively). These two percentages are in fact indicative of different phenomena. The
former reflects the susceptibility of certain HLA alleles to specific mutational patterns (the removal
of proline in this case), whereas the latter reflects the overall mutational biases observed across
SARS-CoV-2 proteomes. This noticeable difference may suggest that certain mutation types play
a particularly important role in HLA type-dependant cytotoxic T lymphocyte (CTL) escape. This
concept becomes evident when considering the 13 common alleles investigated in this study. The
detrimental impact of proline>X mutations on the presentation of peptides by B7 alleles is
reflected in the higher proportion of proline—>X mutations (31%) leading to the loss of epitopes.
This being said, it is important to realize that we do not make the claim that the presence of proline-
to-leucine or proline-to-serine mutations in the SARS-CoV-2 proteomes depend on patients being
B7 supertype-positive, or that the B7 supertype drives the evolution of proline-to-leucine/serine
mutations. We do, however, demonstrate that the prevalent mutations currently in circulation are
enriched for proline-to-leucine/serine, and our in silico predictions suggest that the high occurrence
of this mutation type leads to widespread hinderance of epitope presentation in B7 supertype-

positive individuals.

A key question to address is to what extent does the C-to-U bias drive SARS-CoV-2 evolution
and adaptation over the course of the ongoing pandemic. As proposed by others, the most likely
explanation for the observed C-to-U bias is the action of the host-mediated RN A-editing APOBEC

enzymes, a family of cytidine deaminases that catalyze deamination of cytidine to uridine in RNA
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(273,279,280,305,306). In this regard, APOBEC activity has been shown to broadly drive viral
evolution and diversity, including in human immunodeficiency virus (HIV) (307-313). In fact,
APOBEC-induced mutations driving the evolution and diversification of HIV-1 were shown to
have an intimate relationship with T cell immunity (312,314). Those studies have shown that the
impact of APOBEC-induced mutations may result in either a decrease or increase of CD8+ T cell
recognition, and that the direction of this response is dictated by the HLA context
(287,288,312,314-316). This is very much in line with our findings. Indeed, we showed that amino
acid mutation biases in SARS-CoV-2 proteomes generally positively affect epitope binding for
various HLA class I supertypes, and most strikingly for A24, whereas B7 is the only supertype
that is consistently negatively affected by the mutation biases given the markable loss of proline
residues in SARSCoV-2 proteomes. Together, our results raise the important hypothesis that host-
mediated RNA editing systems shape the repertoire of SARS-CoV-2 T cell epitopes in a positive

and negative HLA-dependent manner.

Another question is whether populations of B7 supertype individuals represent an
advantageous reservoir for the virus to evolve toward more transmissible variants. As the genetic
diversity of the SARS-CoV-2 population continue to increase, and as new variants emerge, our
global analysis suggests that the probability for SARS-CoV-2 epitopes to escape CD8+ T cell
immunosurveillance is higher in B7 individuals compared to A24 individuals. In fact, mutated
epitopes are predicted to be unfavorably and favorably presented by B7 and A24 supertypes,
respectively (Figure 5). The supertype dependency is important here because it suggests that T cell
responses are shaped differently across different human populations in response to infection by

mutated forms of SARS-CoV-2. For instance, the predicted model lets us hypothesize that, within

79



the first year of the pandemic (from December 2019 to December 2020), human populations
expressing the A24 supertype at higher frequency (e.g. >90% of people in specific geographical
regions in Taiwan) may likely mount a T cell response upon infection by mutated forms of SARS-
CoV-2 that will not be as readily disrupted by mutation events, in comparison to individuals
expressing the B7 supertype (i.e. ~35% of the human population) (304). Interestingly, a recent
computational study corroborated the propensity of HLA B*07:02 to lose epitopes due to SARS-
CoV-2 variants (317). Our proposed model may therefore act as a contributing factor addressing
the global diversity of immunological responses against SARS-CoV-2 variants as the pandemic
progresses. Several studies have indeed interrogated associations between HLA alleles and
COVID-19 disease severity (318-320) as well as mutations and T-cell evasion (293,321,322).
However, to the best of our knowledge, this is the first study that proposes a connection between
mutation biases, differential presentation of epitope variants (HLA supertype dependent), and
variability in host responses to SARS-CoV-2 infection, all in the context of the continuously
expanding genomic diversity of SARS-CoV-2 mutants. Additionally, the current study establishes
a basis for investigating CTL-escape in the context of HLA (super)types strategically selected

based on the diversification patterns of SARS-CoV-2.

With regard to the variants of concern, we noted that the B.1.1.7 (Alpha) variant was predicted
to lose the B7 supertype-associated, experimentally validated epitope SPPAHRRARSVA as a result
of a proline-to-histidine substitution. The B.1.617.2 (Delta) variant was in fact also predicted to
lead to the loss of the same epitope via a proline-to-arginine substitution (SP/RRRARSVA). As
the B.1.617.2 variant has become the most widespread SARS-COV-2 lineage globally since July

2021, it would be of interest to experimentally interrogate the impact of this variant in the
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activation of CTLs in B7" individuals. Although our study does not demonstrate that the
disproportionate loss of proline across the SARS-CoV-2 mutation landscape is the cause for the
increased infectivity of the discussed variants of concern, we propose that it may be a contributing
factor in the context of certain populations. In this regard, while genomic surveillance is ongoing
in different regions of the world, measuring the level of transmission of the B.1.1.7 and B.1.617.2
variants within geographical regions of the world with low B7 population densities and high A24
population densities (in Asia) or the opposite trend (in Sub-Saharan Africa)
(http://www.allelefrequencies.net/top10freqs.asp) may provide insights into this concern. As new
variants of concern continue to emerge and as new epitope data are continuously being generated
(323), another interesting avenue would be to study the mutational patterns of those emerging
variants and assess whether and how the potential loss of B7-associated epitopes in those specific
variants impact T cell response in infected patients. Understanding the impact of losing several
subdominant B7-associated epitopes versus one single immunodominant epitope could also be
investigated in the context of those variants. In this regard, a particular attention was allocated in
our study to the B*07:02-restricted N105 epitope SPRWYFYYL. This epitope is of high interest
as its immunodominance was experimentally demonstrated in many independent studies
(254,270,289-292). Precisely, we found a rare mutation consisting of P->S at P2 of this epitope
(SPRWYFYYL - SSRWYFYYL). Its occurrence was predicted to result in the complete
abrogation of binding of the epitope to B*07:02, thereby likely reducing the breadth of the immune
response in individuals carrying this mutation. As such, we advise the community to carefully
monitor this mutation in subsequent months. Moreover, it is also possible that B7 individuals

respond less efficiently to the currently available vaccines, as genetic variants promoting B7
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escape might favorably emerge in the future. The B7 supertype could therefore potentially

represent a biomarker of vaccine resistance.

In summary, our study shows that mutation biases in the SARS-CoV-2 population diversify
the repertoire of SARS-CoV-2 T cell targets in humans in an HLA-supertype dependent manner.
Hence, we provide a foundation model to help understand how SARS-CoV-2 may continue to
mutate over time to shape T cell immunity at a global population scale. The proposed process will
likely continue to influence the evolution and diversification of SARS-CoV-2 lineages as the virus

is under tremendous pressure to adapt in response to mass vaccination.

2.5 Limitations and Future Directions

Our analyses focused on class I molecules for which predictors are established to be more
accurate in comparison with class II. HLA-C and non-classical HLA were not included in this
study. Predictions were performed on the most common HLA class I alleles and rare HLA alleles
were not included. Study has been performed using the GISAID dataset available in December
3152020, i.e. first year of the pandemic, before mass vaccination. Our epitope binding results rely
on in silico predictions using a method that has been widely benchmarked, but is designed to
predict peptide presentation rather than immunogenicity. Follow up experiments would need to be
performed to further validate the proposed model. Priority follow up studies are 1) to investigate
T cell response to SARS-CoV-2 mutants in large cohorts of B7 supertype-positive versus negative
patients, and 2) to determine the direct role of APOBEC family proteins in modulation of SARS-
CoV-2-specific T cell immunity. Moreover, this study lays the foundation to understand the

evolutionary dynamics of pandemic viruses with a time 0 / no vaccine-induced immune pressure
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start point. Employing SARS-CoV-2 as model provides an opportunity in future studies to look at
the dynamic of the relationship between mutational patterns and HLA -restricted T cell immunity
in real-time. Kinetic analyses using the latest GISAID dataset, which includes 1.7M SARS-CoV-

2 genomes as of May 2021, may lead to additional insights in this regard.
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2.7 Materials and Methods
STAR METHODS
RESOURCE AVAILABILITY
Materials Availability
This study did not generate new materials.
Data and Code Availability
e Source data statement. This paper analyzes existing, publicly available data. All

sequence data used are available from The Initiative for Sharing All Influenza

Data (GISAID), at https://gisaid.org/. The user agreement for GISAID does not

permit redistribution of sequences, but researchers can register to get access to
the dataset. A GISAID acknowledgment table containing a full list of the
laboratories and authors who contributed to the extensive GISAID SARS-CoV-
2 genome database queried in this study is available in supplementary materials.
e Code statement. All original code has been deposited at

https://github.com/Caronlab/CoVescape and is publicly available as of the date

of publication. DOIs are listed in the Key Resources Table.
e Any additional information required to reanalyze the data reported in this paper

is available from the lead contact upon request.

METHOD DETAILS
Identification of SARS-CoV-2 mutations

All SARS-CoV-2 nucleotide sequences were acquired from the GISAID on 31/12/2021. A total of
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330,246 SARS-CoV-2 sequences spanning 143 countries were acquired and analyzed. All
sequences isolated from animals (including viral RNA isolated from bat, pangolin, mink, cat and
tiger) were removed from the list and only high-quality sequences were further analysed.
Consensus sequences were aligned to the reference sequence, Wuhan-1 (NC _045512.2) using
minimap2 2.17-r974. All mapped sequences were then merged back with all others in a single
alignment bam file. The variant calling was done using bcftools mpileup v1.91 in a haploid calling
mode. Sequences were processed by batches of 1000 to overcome technical issues with very low-
frequency variants. With the variant calling obtained for each batch, vcf-merge (from the vcftools
suite) was used to merge all the variant calls across the entire dataset. A total of 24,220 variants in
at least two consensus sequences were identified. Mutations appearing in only one genome were
excluded as they are likely enriched for sequencing errors. A list of all missense mutations
considered in our analyses is provided in Table S1. The 1,933 prevalent mutations observed in

more than 100 genomes are also clearly shown in Table S2.

Prediction of mutated and reference CD8+ T-cell epitopes

Prediction of CD8+ T cell epitopes was carried out using netMHCpan 4.1 EL (Reynisson et al.,
2020). For each unique missense mutation, short sequence windows consisting of 14 amino acids
on either side of the mutation site were generated, containing either the reference or mutated amino
acid. Working from the resulting 29-residue sequence windows (mutation +/- 14 residues),
811mers were predicted against the 12 most frequent HLA alleles within the global population
(HLA-A*01:01, HLA-A*02:01, HLA-A*03:01, HLA-A*11:01, HLA-A*23:01, HLA-A*24:02,
HLA-B*07:02, HLA-B*08:01, HLA-B*35:01, HLA-B*40:01, HLA-B*44:02, and

HLAB*44:03). Briefly, the NetMHCpan 4.1 EL method relies on a neural network trained on both
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binding affinity as well as eluted ligand data to produce a likelihood score for a peptide to be an
eluted ligand for the indicated HLA types. The likelihood score consists of a percentile rank

(%rank) wherein predicted (weak) binders obtain a %rank below 2.0, whereas strong binder (SB)
obtain a %rank below 0.5. Using this ranking system, only mutation-containing peptides where
the mutated and/or the reference peptide were ranked as SB were considered for further analyses.
Mutations causing percentile ranks to transition from strong HLA-binder (SB, netMHCpan %Rank
< 0.5) to HLA non-binders (NB, netMHCpan %Rank > 2.0) were considered as leading to ‘Loss
of binding’. Mutations causing predicted binding affinities to transition from NB to SB were

considered as leading to ‘Gain of binding’.

Selection of clinically validated CD8+ T-Cell epitopes
A list of validated CD8+ T Cell epitopes presented by both HLA-A and -B molecules were

downloaded from https://www.mckayspcb.com/SARS2TcellEpitopes/ (as of January 2021). This

database, developed by Dr. Matthew R. McKay and his team, contains compiled and catalogued
validated T-cell epitope-HLA pairs from 13 studies aimed at identifying immunogenic

SARSCOV-2 T-cell epitopes.

In vitro HLA-peptide binding assays

Peptide binding to class | HLA molecules was quantitatively measured using classical competition
assays based on the inhibition of binding of a high affinity radiolabeled peptide to purified HLA
molecules, as detailed elsewhere (324). Briefly, HLA molecules were purified from lysates of EBV
transformed homozygous cell lines by affinity chromatography by repeated passage over Protein

A Sepharose beads conjugated with the W6/32 (anti-HLA-A, -B, -C) antibody, following
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separation from HLA-B and -C molecules by pre-passage over a B1.23.2 (antiHLA B, C) column.
Protein purity, concentration, and the effectiveness of depletion steps was monitored by SDS-
PAGE and BCA assay. Peptide affinity for respective class I molecules was determined by
incubating 0.1-1 nM of radiolabeled peptide at room temperature with 1 uM to 1 nM of purified
HLA in the presence of a cocktail of protease inhibitors and 1 uM B2microglobulin. Following a
two-day incubation, HLA bound radioactivity was determined by capturing MHC/peptide
complexes on W6/32 antibody coated Lumitrac 600 plates (Greiner Bioone, Frickenhausen,
Germany). Bound cpm was measured using the TopCount (Packard Instrument Co., Meriden, CT)
microscintillation counter. The concentration of peptide yielding 50% inhibition of the binding of
the radiolabeled peptide was calculated. Under the conditions utilized, where [label|[<[MHC] and
IC50 > [MHC], the measured IC50 values are reasonable approximations of the true Kd values.
Each competitor peptide was tested at six different concentrations covering a 100,000-fold dose
range, and in three or more independent experiments. As a positive control for inhibition, the

unlabeled version of the radiolabeled probe was also tested in each experiment.

SANTA-SIM simulations

We simulated SARS-CoV-2 genomes with SANTA-SIM, using the consensus sequence
WuhanHu-1 as input sequence available at https://www.ncbi.nlm.nih.gov/nuccore/MN908947.3.
Each simulation was run with a population size of 10,000 individual viral sequences evolving for
1000 generations, and analyses were conducted on random samples of 1,000 viral sequences.
Following Huddelston et.al. (325) who used SANTA-SIM to simulate influenza A/H3N2 that has
a yearly substitution rate approximately twice as high as SARS-CoV-2 [~48,824 substitutions/year

(https://mextstrain.org/flu/seasonal/h3n2/ha/2y?l=clock) VS. ~24.5 substitution/year
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(https://nextstrain.org/ncov/global?l=clock)], we chose 400 generations/year, with the mutation
rate per position per generation set to 2.04E-6 (yearly substitution rate/(generations in one year *
genome size)). The transition bias was set to 3.0 for baseline simulations. To evaluate the impact
of specific substitution biases, additional simulations were conducted using a substitution matrix
with scores set to 1.0 of transversions, 3.0 for transitions, and biases ranging from 4.0 to 20.0 for
the targeted substitution. We generated 10 replicates for all simulated scenarios, except for C-to-

U where we made 100 replicates to better assess statistical significance.

Determination of amino acid mutational patterns

Mutational biases were identified by calculating the overall change in amino acid composition
caused by the mutational landscape of SARS-CoV-2 for each individual amino acid, referred in
the main text as ‘global residue substitution output’ (GRSO). For this analysis, all mutations found
globally in at least 4 GISAID entries were analysed together. Preferential introduction or removal
of amino acids was determined by comparing the overall amino acid composition in reference
residues vs mutated residues throughout the mutation pool, resulting in a percentile difference in
amino acid composition. As such, for amino acid X, the % difference was calculated according to

the following formula:

% dif ference =

(Nbr of mutations introducing X — Nbr of mutations removing X

X
All Global mutations in at least 4 GISAID entries ) 100

This analysis took into consideration the number of unique mutations. Therefore, to consider
mutational biases in the context of mutation frequencies, the analysis described above was
conducted separately for mutations occurring in a single GISAID entry (expected to be enriched
for errors); 2-10 GISAID entries; 11-99 GISAID entries; and 100 or more GISAID entries. As a

negative control, the SANTA SIM algorithm was used to simulate the neutral evolution of 1000
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SARS-CoV-2 genomes (baseline simulations, N = 10 replicates). This control was used to

calculate the statistical significance of the observed biases, by way of a One-Sample T-Test.

Prediction of mutation impacts on peptide presentation in the context of HLA supertypes

Reference/mutated peptide pairs for which the differential predicted binding affinities led to
transitions from strong HLA binder (SB) to non-HLA binder (NB) [(SB) NetMHCpan %rank <
0.5 to (NB) NetMHCpan %rank >2] or from NB to SB, were identified, catalogued and analyzed
as described above. Binding affinities were predicted for representative HLA types from several
major HLA supertypes (A1, A2, A3, A24, B7, B8, B27, B44), as defined by Sydney et al. We then
categorized all reference/mutated peptide pairs on the basis of their 1) mutation type (amino acid
Xaamino acid Y) and 2) the position of the mutation in the peptide sequence. Finally, we quantified
the number of reference/mutated peptide pairs and the associated average fold change in predicted
binding affinity for each category. P-values were generated for each category by performing a two-
tailed independent T-Test between the fold changes in binding affinity associated with mutation

type 4 at position X, and all fold changes in binding affinity associated with position X.

Assessing the contribution of nucleic acid mutation types to the global amino acid mutational
patterns.

To assess the contribution of various nucleic acid mutation types to the observed amino acid
mutational patterns, we first determined the respective contributions of each nucleic acid mutation

type to the global mutation landscape. We then selected the five most abundant mutation types
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[C2>U (41%), G>U (18%), A>G, G2>A, U>C (9.7-11.6%)] and assessed their individual
impacts on amino acid mutational patterns using the simulation algorithm SANTA SIM as follows:
For each mutation type, we simulated the evolution of 1000 SARS-CoV-2 genomes over 1000
generations (N = 10 replicates) with varying degrees of biases (the coefficient used to determine
the extent of the biases was exploratively set to ‘x4°, ‘x8’, ‘x15°, and ‘x20’) (Figure SSA). Because
the input coefficient does not have a linear relationship with the abundance of the mutation type
observed in the simulation output, we used the simulations with all four parameter values (x4, x8,
x15, x20) in order to identify the simulation parameter that most closely reflected observations in
real-life SARS-CoV-2 data. The coefficient for the ratio of X' a ¥ nucleic acid mutation type to all

other mutation types was generated using the following formula:

( All X - Y mutations )
All X positions inreference genome

( All mutations )
All positions in reference genome

Mutation Bias Coef ficient =

Finally, all amino acid mutations were identified for the output of each simulation, as described
above. To determine statistical significances, simulated mutational biases (at the amino acid level)
were compared to a neutral evolution as a negative control (N = 10 replicates) by way of twotailed

independent T-Test.

Statistical analysis

A Two-tailed One-Sample T-Test was used to assess the statistical significance of the observed
mutational biases against the neutral simulations (N = 10 replicates). A Two-tailed Independent
T-Test assuming different variances was used to assess the statistical significances of 1) the

simulated biased SARS-CoV-2 evolution, 2) the gain/loss plots in the context of supertypes, and
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3) the statistical significance associated with the average fold change in %rank associated with

each position-specific amino acid mutation type in the supertype analysis.

2.8 Author Contributions

The study presented in this chapter resulted from collaborative efforts involving multiple
laboratories internationally. Nevertheless, I was the primary contributor to the body of this work.
Firstly, with the advent of the COVID-19 pandemic, I conceived the project with the help of Dr.
Etienne Caron and Dr. Julie Hussin. I then proceeded to generate all codes aimed at analyzing
SARS-CoV-2 genomes acquired from GISAID and identify mutations; querying the global
mutational landscape to determine mutation rates, prevalent mutations, and to characterize
prevalent mutational biases; utilizing epitope presentation prediction software (netMHCpan 4.1)
to identify all predicted mutation-containing epitopes; determining the impact of SARS-CoV-2
mutations on the presentation of predicted CD8+ epitopes as well as experimentally validated
CD8+ epitopes; and at generating all figures presented in this chapter. I was also responsible for
writing and submitting the manuscript in collaboration with Dr. Etienne Caron, and for addressing
reviews throughout the peer-review process. Jean-Christophe Grenier, Fatima Mostefai, as well as
Peter Kubiniok provided me with support in the design of bioinformatic pipelines. Dominique
Fournelle was responsible for optimizing and conducting the evolution simulations of SARS-CoV-
2 using SANTA-SIM. Finally, all co-authors provided helpful comments throughout the

generation of analyses as well as in the reviewing of the manuscript.
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2.9 Supplementary Figures

A Genome number of GISAID entries
HLA  location  MutationlD  carryingmutation (n= peptide (reference/mutated) substitution "';';)"“ “;3:;‘
ref>mut 68,031)
A*0201 23403A5G S D614G 50186 YODVNCTEV / YOGUNCTEV  D->G 166 2423
A*0201 11083G>T ORFia_L3606F 6739 FLYENAFL / FEYENAFL L->F 6 1208
A*0201 11083G>T ORFia L3606F 6739 TOWSLFFFL / TOWSLFFFE  L->F & o088
A*0201 25528C>T ORF3s_L46E 208 WLIVGVALL / WFIVGVALL ~ L->F 163 15161
A*0201 11417G>T ORF1a V718 %0 WILMNVLTLY / WILMNVLTLE V> F ) 1098
A"0201 25831C-T ORFla_L147F a5 NPLLYDANYFL / NPLLYDANYFF  L->F 221 s041
A"0201 114176>T ORFia VIT18F a0 TLMNVLTLY / TLMNWLTLE Vo> F 0 682
A*0201 25831C>T ORF3a L147F a5 LLYDANYFL / LLYDANYFF L->F 16 3
A"0206 25563G>T ORF3a_QSTH 14981 FOSASKITL / FHSASKITL  Q->H 572 749
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Figure 2.S1. HLA peptide binding measurements and mutational biases in SARS-CoV-2 mutated epitopes, Related to
Figure 2.1 and Figure 2.2. (A) HLA binding assay was performed to determine the in vitro binding affinity (nM) of
representative SARS-CoV-2 peptides for specific HLA class I alleles. Peptides were selected based on 1) frequency of mutations,
2) presentation by common HLA class I alleles, and 3) the mutated form was predicted to lose binding to its corresponding HLA.
(B) Plots showing raw values for the binding affinities (nM) of the reference vs mutated peptides in (A). The first three amino
acid residues of the reference peptides with fold change > 2.5 are shown. (C) Pie chart showing the proportion of X-to-Y

substitution types predicted to abrogate the presentation of experimentally validated CD8+ T cell epitopes (Quadeer et al. 2021).
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Proline (P)-to-X is the most dominant substitution type. (D) Predicted loss of HLA-epitope binding clustered by substitution type
from the list of experimentally validated CD8+ T cell epitopes in Quadeer et al. 2021. Each dot represents an epitope pair

(mutated / reference; NetMHCpan 4.1 %rank ratio).
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Figure 2.S2. Identification of two SARS-CoV-2 mutated epitopes that were previously associated with decreased CD8+ T
cell responses, Related to Figure 2.2. (A) The mutated epitopes GFMWLSYFI (A*02) and MKVTPSGTWL (B*40) were
detected in 38 and 23 genomes/individuals in this study (GISAID) and their T cell immunogenicity was thoroughly investigated
in Agerer et al. 2021 (copywright 2021, with permission from AAAS). The epitopes derive from the Membrane (M) and the
Nucleocapsid (N) antigen. The NetMHCpan %rank is indicated for the reference and mutated form of the epitopes. (B-E) T cell
recognition of the reference and mutated epitopes (figure panels published in Agerer et al., copyright 2021, with permission from
AAAS). (B) Experimental overview. (C) T cells expanded with mutant peptides do not give rise to wild type (wt) peptide-
specific CD8+ T cell. PBMCs were isolated from HLA-A*02:01 or HLA-B*40:01 positive SARS-CoV-2 patients, stimulated
with wt or mutant peptides and stained with tetramers containing the wt peptide. (D) Impact of mutations on CD8+ T cell
response. PBMCs expanded with wild type or mutant peptides as indicated, were analyzed for [IFN-y-production via ICS after

restimulation with wt or mutant peptide. (E) Representative FACS plots for (D).
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Figure 2.S3. Impact of mutations on gain of peptide binding to various HLA class I molecules across the
immunodominant Spike (S) and Nucleocapsid (N) antigens, Related to Figure 2.1. (A, B) Lower panel: blue dots showing all
mutations that occurred in at least 4 SARS-CoV-2 genomes (GISAID). Upper panel: dots showing predicted peptides subjected
to a strong gain of binding (see also Figure 1C,D) to one of 12 highly common HLA-I alleles queried (color coded) due to a

mutation.
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Figure 2.S4. Analysis of HLA class I supertypes, Related to Figure 2.5. (A) Epitope binding motifs for several HLA class I
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in this study to generate the ‘Gain/Loss plots’ in Figure 5.
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Figure 2.S5. Comparison of mutation biases between real-life/observed and simulated data, Related to Figure 2.3 and Figure
6. (A) Histograms showing the number of unique mutations identified for each mutation type (A-to-C, A-to-G, etc.) after simulating
the evolution of SARS-CoV-2 genomes through the introduction of different C-to-U bias values (x4 to x20) using the SANTA-
SIM software. Simulated (black squares) and real-life/observed prevalent mutations found in more than 100 genomes (red square)
at the nucleotide level are shown. (B) Comparison of global amino acid mutational patterns generated from simulated versus real-

life/observed SARS-COV-2 genomes. Various extents of C-to-U (top) and G-to-U (bottom) biases were introduced to perform the

simulation and to generate the graphs.
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3 CHAPTER III: DISCUSSION

3.1 Relevance of assessing the impact of SARS-CoV-2 mutations on specific populations
(HLA-dependant)

Using a combination of genomic approaches, computational predictions, MHC binding assays,
as well as databases of experimentally validated SARS-CoV-2 T cell epitopes, my work
investigates the ability of SARS-CoV-2 variants to evade cellular immune recognition in an HLA-
dependant manner. Importantly, we lay the groundwork to encourage the scientific community to
pay close attention to HLA-types when experimentally investigating the T-cell evasion potential
of SARS-CoV-2 variants. Indeed, our analyses demonstrated that the strong C—>U mutational
pattern observed in the first year of the pandemic, resulting in the removal of Pro, Thr and Ala
from viral proteomes, was immunologically relevant to HLA alleles belonging to the proline-
dependant B7 supertype.

The relatively recent emergence, identification, and characterization of several VOCs has
encouraged the research community to investigate their immune-evasion potential. Multiple
research initiatives taking place over the last months have interrogated the ability of VOCs Alpha,
Beta, Gamma and Delta to evade cellular immunity (137,138). These investigations demonstrated
their limited impact on cellular immunity. Nevertheless, the potential capacity of SARS-CoV-2 to
evade cellular immunity cannot be ruled out. An important aspect of cellular immunity lies in the
high amount of polymorphism in HLA alleles across human populations. An individual may
possess a combination of 6 HLA class I alleles, allowing every individual to develop a propensity
for a unique pool of SARS-CoV-2 class I epitopes. Given the diversity of binding motifs described
across HLA class I types and supertypes, the ability of SARS-CoV-2 mutations to promote T-cell
evasion may differ drastically from one individual to the next. This diverse range of impacts of

mutations on T cell escape is contrasted by neutralizing antibody escape, which has been shown
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to be much more universal across human populations, and a putative driver of viral evolution.
Cellular immunity was in fact hypothesized to be an unlikely driver of the evolution of an acute
virus such as SARS-COV-2 (140,326-328). Given the high diversity of HLA type combinations
found throughout the human population, it is thought that adaptations to an individual with a
particular assortment of HLA alleles would be futile in a subsequent infection faced with entirely
different HLA alleles. This contrasts with chronic viruses such as HIV, which experiences
significant intra-host evolution and may therefore adapt to a single individual’s immune system.
The unlikely relationship between SARS-CoV-2 adaptations and T cell evolution may explain the
negligible impact of VOCs on T cell activation. Nevertheless, regardless of the evolutionary
pressures driving the set of adaptations specific to each lineage, we cannot eliminate the putative
impact of VOCs on subpopulations based on their HLA alleles.

Another important aspect remains that despite their epidemiological relevance, the set of
mutations making up these VOCs constitutes a relatively small proportion of the total global
mutational landscape. The identification of VOCs is largely based on the ability of mutations to
modulate the transmissibility of the virus rather than its disease severity, as lineages are generally
flagged as VOIs/VOCs with regards to their international prevalence. Studies aimed at
characterizing the pathogenicity and virulence of VOCs have thus far been reactive to their initial
labelling. However, we would like to entertain the existence of viral lineages conveying low to
moderate epidemiologic success (lower transmissibility) while carrying out substantial impacts on
disease severity. We hypothesize that although clinically relevant, such variants would likely fall
under the radar of public health. As robust T cell responses were strongly associated with lesser
disease severity in multiple studies, one may ask whether lineages composed of mutations capable

of evading T cell escape could modulate disease severity in an HLA-dependant manner while
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failing to acquire widespread epidemiologic prevalence. This hypothesis suggests the
incorporation of additional considerations when interrogating the clinical relevance of lineages.
Whilst lineage prevalence plays an important role in the identification of VOCs, we propose to
add considerable weight to the ability of lineages to modulate disease severity, and to do so by
considering the impact of SARS-CoV-2 non-synonymous mutations on T cell escape amongst
HLA-defined subpopulations. The importance of even single mutation events on the clinical
outcome of viral infections in the context of HLA and T cell escape was well demonstrated in
HIV/AIDS. The acquisition of a mutation (Y 135F) within an immunodominant epitope of the HIV
Nef protein was found to result in significantly lower viral suppression and higher viral loads in
HLA-B35:01" individuals (231). In the context of SARS-CoV-2, several mutations have been
individually assessed for their ability to evade T cells in the context of certain HLA types. Notably,
the L452R mutation within the Spike Glycoprotein RBD was found to enable T cell evasion in the
context of HLA-A*24 (65). Several other T cell-evading mutations were identified by Agerer et
al (139). However, in studies assessing the ability of VOCs to evade cellular immunity, the HLA
types were not taken into consideration with the same weight. Therefore, it is yet unknown if
VOCs, VOIs or lineages of moderate epidemiological success modulate disease severity in human
subpopulations in an HLA-dependant manner.

Given these various arguments, close monitoring of the impact of emerging variants on HLA-

dependant immune evasion will be critical in the months to come.

3.2 The future of T-cell evasion for SARS-CoV-2

As thoroughly shown in the literature, the cellular arm of the adaptive immune system is

instrumental in clearing SARS-CoV-2 infection. The quality of both the CD8+ and CD4+
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components of the cellular immune response were also shown to be highly correlated with disease
severity (122). As such, the careful and comprehensive monitoring of the relationship between
viral mutations and T cells will continue to be highly relevant to public health. Importantly, as the
virus continues to accumulate neutral as well as positively selected genomic variations, the number
of potentially clinically impactful mutations comprising individual lineages is expected to
increase. This is showcased by the most recent VOC, Omicron (B.1.529), which carries as many
as 50 mutations with 30 in the spike protein (329), considerably more than VOCs Alpha, Beta,
Gamma and Delta. As lineages become increasingly divergent from the reference virus, it may
become more likely that a single lineage comprising dozens of mutations could affect numerous T
cell epitopes, therefore posing a greater clinical risk.

Moreover, as the pandemic presses on and the public health response progresses, it may be of
interest to monitor potential evolutionary pressures that public health initiatives may impose on
the virus. For example, interrogating the dynamics of the mutational landscape prior to, and
following the introduction of large-scale vaccination worldwide may shed light on putative
evolutionary pressures imposed onto the virus by prophylactic strategies. Commonly used vaccine
treatments currently in circulation target the Spike glycoprotein or one of its domains, the ACE2-
targeting Receptor-Binding Domain (RBD). The large-scale deployment of such strategies may
confer adaptations within the targeted regions of the viral proteome. Given the essential role played
by adequate cellular immune responses against SARS-CoV-2 in mediating symptom severity and
resolving infections, it will continue to be of great importance to closely monitor existing and

emerging SARS-CoV-2 lineages for mutations associated with T cell evasion (122,239,327).
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3.3 The impact of T-cell escape on memory T-cells, and on the long-term success of
vaccines

The success of any adaptive immune response is determined not only by its capacity to amount
a strong defense against active infections, but also to generate long-lasting infection-specific
lymphocytes. These lymphocytes, known as memory B cells and T cells, continue circulating the
host’s lymph nodes following convalescence to re-ignite the adaptive immune system upon a
subsequent contact with the original infectious agent. For example, antibody titers are well known
to wane over the months following infection. However, memory B cells, which are responsible for
producing antibodies, will replenish antibody titers upon re-infection. Memory CD4+ and CD8+
T cells have also been found to play key roles in the long-lasting effectiveness of adaptive immune
defenses. Importantly, memory lymphocytes are critical to the success of prophylactic strategies.
The generation of memory lymphocytes following vaccine administration will ensure a long-
lasting protection against the virus. The current set of mRNA vaccines used to immunize against
SARS-CoV-2 were shown to not only activate all arms of the adaptive immune system, but also
to induce the production of both memory CD4+ and CD8+ T cells as well as memory B cells (330—
335). Whereas antibody titers have originally been considered as the main determinant of vaccine
efficacy, recent studies demonstrated that strong activation CD8+ and CD4+ memory T cells were
contributors to prophylactic protection (333-335).

Upon the emergence and identification of VOCs, a major concern has been the ability of
mutations found in the current set of VOCs to reduce the efficacy of SARS-CoV-2 vaccines. These
concerns partially originated from the demonstrated ability of certain mutations to evade
recognitions by antibodies, allowing such mutations to reduce the protection conferred by vaccine-
generated antibodies. Indeed, multiple studies indicated the ability of VOCs to modulate the

efficacy of several vaccines and as well as their ability to generate neutralizing antibodies. Namely,
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individuals vaccinated with the AstraZeneca ChAdOx1 and Novavax COVID-19 were shown to
be differentially impacted by the ancestral, B.1.1.7 and B.1.351 lineages, with the variants leading
to reductions in production of neutralizing antibodies (336—338). An alternative strategy by which
mutations might negatively impact the prophylactic efficacy of vaccines consists of reducing
antigen-recognition by memory T cells. Such mutations would result in the reduced ability of
memory T cells induced by the vaccine (ancestral SARS-CoV-2 lineage) to recognize mutated
epitopes. To this effect, several studies were conducted to assess the protection provided by
vaccine-induced T cells against VOCs (326,330). Close monitoring of the impact of variants on
the quantity and quality of vaccine-induced memory T cells will continue to be of great importance.
As previously stated, T cells were found to play key roles in not only disease severity, but also in
reducing SARS-CoV-2 viral loads (122,127,339). As lineages continue to accumulate mutations,
the ongoing surveillance of emerging lineages may eventually lead to the identification of VOCs
with the ability to disrupt the efficacy of ancestral lineage-induced memory T cells. The Omicron
VOC constitutes one such example. Although its impact on the quantity and quality of memory B
and T cells has not yet been queried, the sheer number of mutations (50 within the entire proteome,

30 within the Spike glycoprotein) is cause for concern.

3.4 Future work

As SARS-CoV-2 continues to adapt to the human immune system, the monitoring of SARS-
CoV-2 lineages will continue to play an important role in our ability to mediate and mitigate the
impact of the virus on human health. Although no VOC has yet been associated with the clinically
significant disruption of cellular immunity, the evolution of SARS-CoV-2 is an on-going process

resulting in the continued emergence of new lineages, and possibly new VOCs. Additionally, the

103



current identification of VOCs is highly dependent on epidemiologic features such as viral
transmissibility as opposed to virulence factors. As such, it is possible that the current VOC-
identification scheme fails to detect lineages associated with worse disease outcomes albeit with
milder epidemiologic success. Future work will involve the continued surveillance of SARS-CoV-
2 evolution while assessing the impact of circulating as well as emerging lineages on cellular
immunity. In this scheme, although attention will be given to the prevalence of lineages, significant
weight will be allocated to their ability to disrupt cellular immunity. This approach may result in
VOC definitions diverging from accepted guidelines. Additionally, the current COVID-19
pandemic presents an ideal opportunity to investigate the rapid, global fixation of evolutionary
patterns in a real-time fashion. Public health interventions are often known to drive the
diversification of viruses responsible for acute infections. As such, it will be of interest to
investigate the dynamics of viral evolution prior to and following mass vaccination. The sheer
number of sequences found within the EpiFlu™ database of GISAID, now containing over 9
million sequences, is ideal to conduct such a large-scale analysis. In this section, we will briefly
discuss the various features of viral evolution that will be investigated in our future work.

3.4.1 Evolving mutational biases

The manuscript presented in this dissertation evidenced the emergence of well-defined mutation
biases across the mutational landscape of SARS-CoV-2 throughout the first year of the pandemic.
These biases were primarily dominated by C>U and G>U. These mutational biases not only
dictated the genomic diversification of SARS-CoV-2, but also its proteomic diversification. As
demonstrated in this study, these dominant mutation types were found to diversify the amino acid
composition of CD8+ T cell epitopes, therefore shaping the repertoire of class I epitopes. To this

effect, host-mediated RNA-editing enzymes such as APOBECs were suggested as a mechanism
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of action responsible for the observed biases. The cytidine deamination activity certain members
of the APOBEC family have been associated with the promotion of C>U mutations. Recently,
Kim K et al (2021) experimentally demonstrated the propensity of two members of the APOBEC
family, APOBEC3A and APOBECI to enable the APOBEC-mediated editing of SARS CoV-2
RNA, resulting in a high C-to-U mutation frequency (340). Moreover, recent analyses performed
by our group yielded early signs for the dilution of such mutation biases. As the pandemic
progresses, it will be of interest to continue monitoring the dynamics of global mutation landscape.
Such information may provide unique insights into the evolutionary behaviour of an acute zoonotic
infectious agent when faced with the rapid globalization observed over the course of the current
pandemic.
3.4.2 Tracking the long-term evolution of SARS-CoV-2
3.4.2.1 Relationship between emerging lineages and T cell escape

With the advent of mass vaccination, the impact of most viral lineages on the efficacy of
approved vaccines is unknown. Although current efforts are highly directed at a small number of
VOCs, there are actively hundreds of variants with unknown impacts on cellular immunity. In
addition, on-going evolution of the virus is expected to lead to the emergence of new variants. The
importance of active tracking of SARS-CoV-2 variants was evidenced by the recent emergence of
the Omicron VOC. As the disruption of T cell-based immunity could affect the long-term immune
protection observed in vaccinated and convalescent individuals, it will be of great importance to
develop a methodology to identify lineages capable of compromising T cell-based protection. To
this end, we propose to develop a scoring system allowing for the prioritization of such SARS-

CoV-2 lineages by considering features specific to each circulating SARS-CoV-2 lineage. We will
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then experimentally validate the impact of our prioritized variants on T cell recognition following
vaccination by the Pfizer vaccine (targeting the Spike protein).

Aim i) Prioritization of viral lineages. The ability of SARS-CoV-2 lineages to lead to T
cell escape will be predicted by combining the following lineage-specific features into a scoring
system: The number of missense mutations occurring within the spike protein (targeted by the
Pfizer vaccine); the prevalence of lineages within the global population; the predicted ability of
lineage-specific mutations to disrupt the presentation of validated epitopes by common HLA
alleles, and to disrupt the predicted immunogenicity of validated epitopes. To these ends, an in-
house pipeline has been developed to identify lineage-specific missense mutations, determine the
protein of origin, and incorporate a variety of out-sourced bioinformatic tools used to predict the
presentation by common HLA class I and II, and the immunogenicity of mutated and wild-type
epitopes. These tools include netMHCpan-4.1, netMHClIIpan 4.0 and MHCflurry 2.0 for
predictions of epitope presentation, and PRIME and MARIA for predictions of immunogenicity.
The top five SARS-CoV-2 lineages will be selected for further analyses.

Aim ii) Impact of SARS-CoV-2 variants on T cell recognition post-vaccination. Spike
protein peptide pools will be generated for the top SARS-CoV-2 lineages selected in ‘aim 1’ to
assess their overall impact on vaccine effectiveness. Briefly, OX40"CD137°CD4" and
CD69*CD137*CD8" T cells will be isolated from PMBCs of individuals vaccinated with the Pfizer
vaccine (in collaboration with the RECOVER-2 project) using FACS. Isolated T cells will then
be stimulated with mutated or wild type peptide pools and assessed by AIM assays. Alternatively,
we will assess the impact of variants on T cell responses by Intracellular Staining assays (ICS).

Aim iii) impact of SARS-CoV-2 variants on T cell expansion post-vaccination. To assess

the impact of the selected SARS-CoV-2 lineages on vaccine effectiveness with a greater level of
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granularity, we will employ Single-Cell V(D)J TCR sequencing using the RAGE-seq approach
co-developed by Dr. Smith (202). This will allow us to determine the clonal expansion of T cell
populations and to predict specific epitopes responsible for T cell clonotype expansion. To do so,
we will simulate PBMCs from vaccinated individuals with mutated or wild-type peptide pools;
sort the stimulated cells by FACS as in ‘aim ii’; and conduct single-cell sequencing on the resulting
cell populations using GridlON (Oxford Nanopore technologies) as well as Illumina (NextSeq).
Prevalent T cell clonotypes will be identified using 10X Genomics’ Loupe Browser, and antigen-
specific T-cell populations will be identified using GLIPH2. Finally, to identify mutations most
responsible for variations in clonotype expansion, the sequence motifs of the paired alpha and beta
TCR sequences will be extracted from each expanded clonotypes. Their corresponding epitopes
will be identified using multiple outsourced algorithms (RACER, ERGO, TCRGP, TCellMatch,

TCRpMHcmodels).

3.4.3  Are certain populations really more at risk?

Over the course of the current pandemic, many questions have been asked regarding the
epidemiology, transmissibility, and virulence of SARS-COV-2. Amongst the many questions that
have plagued the scientific community, two have been asked time and time again: “Who gets
sicker, and why?”. Although many question marks remain, this question has been partially
answered, with age and immunocompromising conditions being strong determinants of disease
outcome. HLA diversity across populations has also been proposed as a putative determinant of
disease outcome. Studies have shown that the abundance of T cell epitopes recognized by an

individual will depend on their HLA types. The clinical relevance of these findings is reflected by
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the role played by cellular immunity in resolving SARS-CoV-2 infections and in mediating disease
severity.

With the emergence and identification of VOCs, the question stated above has been slightly
modified to become the following: “which variants are bad, and are they equally bad for
everyone?”. Again, this question can be partially answered using age and immunocompromising
conditions. As part of the manuscript described above, our group proposes the putative role played
by HLA compositions in an individual-specific manner in determining the impact of variants.
Indeed, due to the high binding specificity of HLA (super)types, each individual HLA allele can
recognize a unique pool of epitopes. As such, each HLA molecule may have unique susceptibilities
to the global pool of SARS-CoV-2 variants. Overall, each individual mutation may have limited
impact on the overall quality of the cellular immune response. However, as lineages become
increasingly divergent from the ancestral lineage, the growing set of genomic variations specific
to each lineage may eventually disrupt a critical proportion of T cell epitopes. As such, taking
HLA allele compositions into account may shed light on population-specific susceptibilities to
SARS-CoV-2 variants.
3.4.3.1 Laboratory validation of T-cell escape amongst B7+ individuals

A major finding introduced in the manuscript presented above consists of the increased
susceptibility of individuals carrying the B7+ HLA allele to lose SARS-CoV-2 epitopes. This
finding resulted from the observation that the global SARS-CoV-2 mutation landscape throughout
the first year of the pandemic was dominated by mutation biases, with the most prevalent mutation
type being C>U. This prevalent mutation type led to the preferential removal of proline from the
proteome of SARS-CoV-2 variants. Predictions indicated that this mutation type led to the

preferential loss of HLA-B7 epitopes. This can be explained by the second position of HLA B7
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binding grooves which heavily rely on the presence of prolines for the binding and presentation of

epitopes to occur. Future work will involve the experimental validation of this concept.

4 Conclusion

In this dissertation, I reviewed the biological, evolutionary, epidemiological and immunological
implications of SARS-CoV-2 over the course of this pandemic. I then presented my scientific
contributions to the field in the form of a peer-reviewed manuscript featuring an in-depth
investigation of the mutational landscape of SARS-CoV-2 over the course of the first year of the
pandemic. By looking at over 300,000 SARS-CoV-2 genomic sequences, | observed that the
global mutational landscape of SARS-CoV-2 was dominated by mutational biases, with the most
prevalent bias, C->U, resulting in a global loss of Proline. These mutational biases were predicted
to diversify CD8+ T cell epitopes in an HLA-supertype manner, with the removal of proline
leading to the preferential loss of CD8+ T cell epitopes in the context of the HLA-B7 supertype.
Together, these findings establish a link between the global SARS-CoV-2 mutational landscape
and immune evasion in a fashion that takes into account HLA diversity. Additionally, the model
developed in this work introduces a strategy to identify human sub-populations (such as those
carrying HLA alleles of the B7 supertype) at risk of having a reduced CTL-based immune response
when faced with SARS-CoV-2 variants. This study lays the groundwork for further investigating
the HLA-dependent impact of circulating and emerging SARS-COV-2 variants on immune

evasion in a comprehensive manner.
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