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Abbreviations

ANOVA analysis of variance

BCL-2 B-cell lymphoma 2

BLIMP1 B lymphocyte-induced maturation protein-1 (PR domain zinc finger
(PRDM1) protein 1)

BLOSUMG2 blocks substitution matrix 62

BTLA B- and T-lymphocyte attenuator

CD cluster of differentiation

COSMIC Catalogue of Somatic Mutations in Cancer

CTEC cortical thymic epithelial cell

CTLA-4 cytotoxic T-lymphocyte-associated protein 4

DAI differential agretopicity index

FDR false discovery rate

FOXP3 forkhead box P3

GSEA gene set enrichment analysis

HED HLA-I evolutionary divergence

HLA human leukocyte antigen

1C50 jalf maximal inhibitory concentration

ICI immune checkpoint inhibitor

IDO indoleamine 2,3-dioxygenase

IEDB Immune Epitope Database

LAG-3 lymphocyte-activation gene 3

LUAD lung adenocarcinoma

LUSC lung squamous cell carcinoma

mTEC medullary thymic epithelial cell

NK natural Killer (cell)

NSCLC non-small cell lung cancer

OR odds ratio

PD-1, PD-L1 programmed cell death protein 1; programmed death-ligand 1 and 2
pHLA peptide-HLA

Pr promiscuity

RECIST response evaluation criteria in solid tumors

RR relative risk

SARS-CoV-2  severe acute respiratory syndrome coronavirus 2
SKCM skin cutaneous melanoma

T-bet T-box expressed in T cells

TCGA The Cancer Genome Atlas

TCR T-cell receptor

TGF-p transforming growth factor beta

TIDE Tumor Immune Dysfunction and Exclusion
TIGIT T-cell immunoreceptor with Ig and ITIM domains
TIM3 T-cell immunoglobulin and mucin-domain containing-3
TMB tumor mutational burden

TOX thymocyte selection-associated high mobility group box factor

Treg

regulatory T-cell




1 INTRODUCTION

1.1  HLA-I are key molecules of the cellular adaptive immune response

Adaptive immunity is a major component of the mammalian immune system, including that of
humans. It generates a specific and refined reaction to self and non-self antigens by producing
clonal populations of cells that recognize their targets with high affinity. The adaptive immune

system comprises two arms, cellular and humoral immunity, which collaborate with the innate

immune system to eliminate pathogens.?
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Figure 1: overview of cellular adaptive immune recognition. The figure is created using
Biorender.com.

The cellular arm of the adaptive immune system targets and eliminates host cells that are
infected by intracellular pathogens (such as viruses or some obligate intracellular bacteria like
Mycobacteria) or display signs of abnormality (such as tumor cells). The Human Leukocyte
Antigen class | (HLA-1) molecule is a key player in this process (Figure 1).1? This protein
complex is expressed on the surface of almost all nucleated cells in the human body, except for
some immune-privileged sites (e.g. testis). In contrast, HLA class Il molecules are expressed
on the surface of professional antigen-presenting cells only and present peptides derived from
extracellular sources (such as most bacterial pathogens).> Recently, it has been shown that
HLA-I1 molecules also play a role in antitumor immunity, but less directly compared to the

HLA-I system.*®7 This work focuses on HLA class | mediated immune recognition exclusively.



HLA-I molecules consist of two polypeptide chains, the a chain and 32-microglobulin, which
are noncovalently associated at the a3 domain of the a chain. The al and a2 domains of the o
chain form a peptide-binding groove on the surface of the molecule, exposed to the extracellular
environment. The third component of a functional HLA-I complex is a short peptide (usually 9
amino acids in length) derived from a protein that was synthesized inside the cell. These
peptides stabilize the HLA-I molecule by fitting into the peptide binding pocket of the
molecular complex.® Foreign peptide-HLA-1 complexes can act as danger signals for the
cellular arm of the adaptive immune system.*®

Cytotoxic T cells are the effector cells that can recognize these specific HLA-I complexes.
These cells express a protein structure called T-cell receptor (TCR), which determines the
specificity of each cell clone to a distinct subset of target HLA class I-peptide (pHLA)
complexes. The interaction between the pHLA on the target cell and the TCR on the T cell
forms the immunological synapse. It triggers the activation of the cytotoxic T lymphocytes and
the leads to the subsequent elimination of the targeted host cell. The high specificity of TCR—
pHLA binding reduces the likelihood of random immune activation.1%?

1.2 HLA-I genotype determines what the cellular adaptive immunity responds to

HLA-I proteins are encoded by three genes (A, B, and C), located at the chromosomal position
6p21.12 The HLA region is the most variable part of our genome: the number of HLA-I alleles
registered in the human population exceeds 25,000. Each allele has a characteristic specificity

for peptides carrying different amino acid residues in key positions.®

In conclusion to the diversity of HLA-I alleles, there is a high chance for a subject to be
heterozygous for all 3 HLA-I loci, meaning that a person usually carries 6 different alleles.*1°
HLA-I heterozygosity has been shown to play a major role in protection against viral infections
and their potential severe outcomes, as it increases the number of presentable epitopes from a
pathogen. Research has shown that among HIV-infected individuals, heterozygous patients
have a slower rate of disease progression compared to those who are homozygous.® Similar
trends were observed for HLA-II genotype and hepatitis B clearance.” Finally, a study has
shown that individuals who are homozygous for any HLA class | alleles in case of a SARS-
CoV-2 (Severe acute respiratory syndrome coronavirus 2) infection have a higher risk of earlier

mortality.!8



1.3 Harmful effects of self-reactive T cells are eliminated via tolerance mechanisms

The development of T-cell repertoires, which react to foreign peptide-HLA complexes, is a
multi-step process. Hematopoietic stem cells in the bone marrow differentiate into lymphoid
progenitor cells called thymocytes in a two-stage process that occurs during fetal development
within the thymus. The first step involves the interaction of double-positive T cells expressing
CD4 and CD8 (cluster of differentiation) coreceptors with cortical thymic epithelial cells
(cTECs), leading to the positive selection of CD8+ cytotoxic T lymphocytes. This encounter
eliminates most T cells that are non-specific to self-peptides, presented by cTECs.®

The subsequent step, negative selection, predominantly occurs in the medulla, but it already
begins in the cortex.?’ The goal of this process is to remove potentially self-reactive T cells that
harbor TCRs exhibiting strong binding towards self-pHLA complexes. Medullary thymic
epithelial cells (mTECs) express certain tissue-specific genes, resulting in a presented peptide
pool with a distinct composition compared to cTECs.?%%2 A significant subset of cells having
TCRs binding strongly to peptides presented by mTECs undergo differentiation into regulatory
T cells, facilitating immune tolerance response. Meanwhile, the remaining negatively selected
cells die as a result of the maturation process. Consequently, this step results in the production
of a functional T-cell pool harboring < 108 unique TCR sequences.?. In overall, the resulting
cytotoxic T lymphocyte population should confer tolerance towards self-peptides while
exhibiting a destructive response towards foreign amino acid sequence motifs. This

phenomenon is called central tolerance.

Additionally, a complex mechanism called peripheral tolerance prevents the spontaneous
activation of those T cells in the body, which have not been deleted in the thymus. Such T cells
carry TCRs, specific to e.g. food antigens and developmental antigens that are not being
presented in the thymus. This mechanism aims to minimize the chance for autoimmunity and

pathological immune activation during chronic inflammatory processes.?*

Multiple different paths of T cell inactivation exist as ways of peripheral tolerance. Anergy
occurs when the T cell can interact with its cognate antigen, but lacks co-stimulatory signals
needed for complete T-cell activation. This results in a state of long-term hyporesponsiveness

in T cells, characterized by active repression of TCR signaling and interleukin-2 expression.?®

Furthermore, some co-stimulatory signal molecules act as inhibitors of immune activation, e.g.
programmed cell death 1 (PD-1) receptor and its ligands PD-L1 and PD-L2 (programmed
death-ligand 1 and 2).26 CTLA-4 (cytotoxic T-lymphocyte-associated protein 4) is getting



highly expressed after T-cell activation.?® These molecules are also called immune checkpoints,
and will be discussed in more detail in section 1.5.

Peripheral tolerance can also be mediated by special subsets of antigen-presenting cells, e.g.
tolerogenic dendritic cells. 2”28 Finally, the peripheral deletion of self-reactive lymphocytes
may also occur, as a result of the activation of apoptotic signaling pathways.2%-3

1.4 Adaptive cellular immunity targets the altered self in tumor cells

Cancer is a collection of diseases characterized by anomalous cell growth that can invade or
metastasize to other parts of the body. Cancer is a primary cause of death globally, responsible
for nearly 10 million fatalities in 2020.%

One noteworthy characteristic of certain tumor types is the infiltration of particular immune
cell subtypes. Cytotoxic T cells play a crucial role in antitumor immune response. T cells can

identify peptides presented by HLA-I molecules on the surface of malignant cells.

These cancer rejection epitopes may arise from two classes of antigens.®® The first group
contains non-mutated peptides, against which T-cell tolerance is incomplete due to their limited
tissue expression patterns. For example, cancer-testis antigens are expressed by abnormal cells

of a wide range of tumors: bladder, lung, and liver carcinoma, as well as melanoma.3

Another type of potential cancer rejection antigens, known as neoantigens, is composed of
peptides that do not exist in the normal human genome. In the case of a significant portion of
human tumors without a viral origin, these neo-epitopes are the results of tumor-specific
genomic alterations that lead to the formation of new protein sequences. In the case of virus-
associated tumors like cervical cancer and certain types of head and neck cancers, epitopes

resulting from viral open reading frames also add to the pool of neoantigens.33°

Distinct types of genetic changes have different frequencies across tumor types and individual
tumors. Missense and silent mutations, caused mainly by single nucleotide changes, are
dominant in skin cutaneous melanoma (SKCM) and non-small cell lung cancer (NSCLC).36:%7
Meanwhile, insertions and deletions are frequent in microsatellite-unstable cancers, including

distinct subtypes of colorectal and endometrial tumors.3-4°

It is worth mentioning that the tumor immune microenvironment is shaped by various immune
cell types of the innate immune system as well. Tumor-associated macrophages are present in
two subtypes, M1 and M2. Macrophages initially tend to show MZ1-polarization during

carcinogenesis — a subtype associated with stronger anti-tumor activity.*** M2 macrophages
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usually arise later, promoting tumor development and poor survival by immune suppression,
increased angiogenesis, and metastatic potential.*>->° Myeloid-derived suppressor cells confer
a similar effect on tumor progression, by enhancing the effects of Treq cells and neovascular
invasion, suppressing cytotoxic T cells, dendritic cells, and natural Killer (NK) cells.52

Tumor-associated neutrophils also have a controversial effect on tumor progression, as N2 cells
also promote vascularization and tumor development.®°* NK cells are capable of destructing
tumor cells via natural cytotoxicity or the antibody-dependent cellular cytotoxicity pathway,
resulting in the release of cytotoxic granules or inducing apoptosis of the target cells.>>’

Dendritic cells are professional antigen-presenting cells. They play a major role in orchestrating
immune response, as distinct subtypes of these cells (e.g. cDC1) take up exogenous antigens,
and present them via HLA-I and HLA-11 molecules to CD8+ and CD4+ T cells respectively.%®
Meanwhile, distinct subsets of dendritic cells are initiating immune tolerance via factors

including PD-L1, activating Trq cells, eventually promoting tumor progression. >

1.5  Checkpoint molecules serve as regulators in adaptive immune response

Binding between pHLA complexes and specific TCRs is a prerequisite for the initiation of
cellular adaptive immunity. However, the decision between activation and inhibition of T
lymphocytes is dependent on the balance of additional positive and negative signals delivered
through auxiliary membrane receptors. Some of these are co-stimulatory factors. For instance,
the binding of CD28 receptors with B7 ligands greatly enhances the activation of T cells,
initiating signaling events that work synergistically with TCR-mediated activation pathways. It

ultimately promotes T-cell survival and production of the cytokine interleukin-2.%

Contrarily, distinct checkpoint molecules are playing an inhibitory role in the initiation of an
immune response. CTLA-4, expressed by T cells soon after activation, provides a signal that
halts T-cell responses, by interfering with TCR- and CD28-mediated signaling.®?®® This
checkpoint molecule has a markedly stronger affinity to B7 proteins compared to CD28,
resulting in inhibition via competition.5*%® The overall effect is a decreased production of

interleukin-2 and weaker proliferation of T cells, maintaining peripheral T cell tolerance.®’

PD-1, another member of the CD28 family, interacts with two other B7 homologs, namely PD-
L1 (also called B7-H1) and PD-L2 (also known as B7-DC).%8"° The expression of PD-1
molecules is activation dependent, but not specific to T cells, as it had been detected on multiple
other cell types, e.g. B lymphocytes and myeloid cells as well.”* Paradoxically, PD-1 molecules

suppress immune activation by forming an excessively stable pHLA-TCR complex. The
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stabilization prevents the engagement of subsequent pHLA complexes and, consequently,
activation of T cell response. This results in T-cell exhaustion, a phenomenon protecting the

body from the toxic effects of chronic immune activation.’

Additional checkpoint molecules also take part in controlling immune reactions. Some other
notables examples include LAG-3 (Lymphocyte-activation gene 3), TIGIT (T cell
immunoreceptor with Ig and ITIM domains), TIM3 (T-cell immunoglobulin and mucin-domain
containing-3) and BTLA (B- and T-lymphocyte attenuator).”

1.6 Checkpoint molecules aid tumor immune evasion and serve as targets for therapy

Tumors consist of cells that have undergone transformation and exhibit high rates of
proliferation. The accumulation of somatic DNA mutations is the most important cause of this
process. Some of these alterations are considered neutral by not having a direct impact on the
fitness of cancer cells (passenger mutations), while others have a major role in tumor evolution
and the formation of more successful subclones.”"® Basically, clones that exhibit high rates of
proliferation have a greater likelihood to dominate a cell mass, but the picture is more complex,
as additional phenotypic traits, e.g. capability for migration, and immunogenicity, also take part
in the formation of tumor composition.?’ Latter selective pressure results in a phenomenon
called cancer immunoediting, an evolutionary process forming the landscape of tumor cells. It
enables cell clones harboring less immunogenic mutations and/or displaying less immunogenic
antigens to persist, leading to a reduction in the number of targets available to the immune
system.8-8% Furthermore, tumor cells can downregulate mutated genes that encode potentially

immunogenic peptides, as well as components of the HLA-I peptide presentation pathway.28*

The cellular and molecular composition of the tumor microenvironment has a complex impact
on the overall properties of the immune response. Regulatory T cells and myeloid-derived
suppressor cells express inhibitory molecules that can suppress the maturation of dendritic cells,
leading to decreased levels of immune presentation via HLA, and subsequently reducing the
production of pro-inflammatory cytokines, including interleukin-12.8587 Various small
molecules, such as kynurenine, a tryptophan metabolite produced by IDO (indoleamine 2,3-
dioxygenase) enzymes found in myeloid and cancer cells, are also involved in the transition
from destructive T cell phenotypes to the suppressive Treq state.t”# As mentioned previously,
distinct subtypes of macrophages can also affect the quality of the antitumor immune

response.®
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Immune checkpoint mechanisms also play a crucial role in immune evasion. During the past
two decades, the importance of these molecules, particularly members of the PD-1 and CTLA-
4 pathways, has gained considerable attention in both basic research and clinical practice.
Elevated CTLA-4 expression was associated with poor outcomes in various tumor types, such
as nasopharyngeal carcinoma, thymoma, and esophageal carcinoma.®®%-% CTLA-4 blocks
immune activation via the previously presented mechanisms (see section 1.5), as well as
through the induction of IDO enzymes, resulting in tryptophan depletion.88%%4 |n the case of
certain tumor types, e.g. in NSCLC and breast cancer, the association between CTLA-4
expression and clinical prognosis was detected only in distinct subtypes.®%-°" High intra-
tumor expression levels of the PD-1 receptor and its ligand PD-L1 is also shown to correlate

with poor outcome in multiple cancer types.% 102

As inhibitory checkpoint molecules are frequently exploited by tumor cells to avoid immune
destruction, the idea of targeting them has been a subject of research for several years.'®® In the
last decade, monoclonal antibody-based therapeutic agents that target either CTLA-4 or PD-
1/PD-L1 molecules have been approved for clinical use. These agents are commonly referred
to as immune checkpoint inhibitors (1CIs).1% Ipilimumab, a human IgG1 (immunoglobulin G1)
antibody that inhibits CTLA-4, was the first drug of its kind to be approved for treating
metastatic melanoma in 2011.1%-1% |n 2014, nivolumab, the first ICI antibody targeting PD-1
was introduced, which was approved as a medication for melanoma, NSCLC, and a series of
additional neoplasms.® Since then, multiple additional antibody-based treatment options have
been approved, including pembrolizumab and cemipilimab targeting PD-1, atezolizumab,
avelumab, and durvalumab targeting PD-L1 molecules.!®® In the last few years, other
checkpoint molecules have also been considered as targets. A notable example is the case of
LAG-3 and relatlimab, a monoclonal antibody binding to this molecule. In previously untreated
metastatic melanoma, the inhibition of both LAG-3 and PD-1 using relatlimab and nivolumab

respectively led to a greater benefit in progression-free survival than inhibition of PD-1 alone.!!

1.7 Identifying predictive factors for ICI therapy outcomes

Prior to the approval of ipilimumab, advanced metastatic melanoma patients had extremely low
chances of survival. In a randomized clinical trial, it was shown that patients treated with
dacarbazine, a widely used chemotherapeutic agent have an 8.8% 5-year survival rate, while
this number is 18.2% for patients treated with ipilimumab and dacarbazine together.}'? The
numbers were similar for other tumor types, e.g. the application of nivolumab for treating

NSCLC.1311 Since then, various combinations and novel settings of ICI therapy have been
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introduced in clinical practice. For instance, combining ipilimumab with the PD-1 targeting
nivolumab significantly improved 5-year survival rates in melanoma to 52%.1% However, as

this result indicates, the number of non-responders is still high.

The significant failure rate of ICI has prompted extensive research into factors that can affect
therapy outcomes. Some of these are basic patient characteristics, including age, gender, and
clinical history.!*>-17 Distinct molecular markers, such as the intra-tumor expression of PD-L1
are predictive for therapy outcome when using pembrolizumab for treating NSCLC or cervical
cancer.6:118120 Racently, the impact of gut microbiome composition on ICI outcome has also

gained significant attention.'?!

Since the introduction of ICls into clinical practice, the search for germline and tumor genomic
factors associated with immunotherapy efficacy has been a key field of research. A shared
characteristic among these factors is that they are mostly associated with the process of cellular
adaptive immune presentation. Tumor mutational burden (TMB) is considered to be a major
prognostic factor determining tumor immunogenicity and ICI outcome.36:122-126 Dye to the
characteristics of epitope processing pathways, only a small subset of mutations in a tumor
generates peptides that are ultimately presented by HLA-1 molecules.*?"28 |t is logical to
assume that more altered self-proteins increase the probability of forming HLA-I complexes,
presenting non-tolerated neopeptides. TMB is one of the few biomarkers recognized by the U.S.
Food and Drug Administration to predict tumor immunotherapy outcomes.!?%1%° Despite its
initial popularity, several studies have since challenged the significance of this metric by
itself. 231132 Further studies showed that not all mutations have the same importance: factors,

like the clonality of mutations, could improve TMB as a predictive biomarker.*3

Various properties of germline HLA alleles/genotypes have also been associated with either
positive or detrimental outcomes. In accordance with the studies on infectious diseases in
section 1.2, Chowell et al. assumed that if a patient carries a diverse set of HLA molecules, it
potentiates the presentation of a broader set of altered peptides. They reported a significant
relationship between HLA-homozygosity, certain HLA-I supertypes, and germline HLA-I
evolutionary divergence (HED) with the overall survival of patients receiving
immunotherapy.*#13% However, later studies showed the lack of robustness for HLA-I
homozygosity and HED as a predictive biomarker, being highly dependent on additional
genetic factors and specificities of the treatment.?3®3" Finally, genomic rearrangements may

lead to HLA-I copy number loss which has a detrimental effect in lung cancer.®
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1.8 Binding promiscuity is an inherent property of HLA alleles

TMB, HLA homozygosity, and HED are factors suggested to correlate with the number of
presented mutated peptides on the surface of tumor cells, which could eventually increase the
probability of successful immune recognition by CD8+ T cells. These factors are properties of
the HLA-I genotype of a patient.

HLA-I alleles themselves have an intrinsic characteristic that determines their peptide-binding
specificity, and consequently, the breadth of the presentable peptides. Based on the amino acid
sequence of the binding pocket, distinct HLA-I proteins are specific for different peptide
motifs.”® The diversity of presentable peptides by an HLA-I molecule is called allele
promiscuity. Based on the range of amino acid sequences a given HLA molecule binds
efficiently, we can discriminate between generalist and specialist HLA-I alleles.'® As an
example, HLA-B*27:05 prefers to bind nonamer peptides, having arginine (R) residues in
position 2. In contrast, HLA-A*30:01 binds a wider range of amino acids, meaning that this
molecule is more promiscuous. Sequence specificity motifs for these two alleles are visualized

in the sequence logos in Figure 4b indicating a higher level of generality for HLA-A*30:01.1*°

Generalist and specialist HLA alleles may play a critical role in the evolution of the human
body's ability to fight against diseases. Previously, we showed the potential association of HLA-
Il allele promiscuity in distinct human populations with the number of pathogenic microbial
species prevalent in the geographical region, indicating a potential protective effect of generalist
HLA alleles against infectious diseases. Furthermore, significant trends were found between
the intracellular pathogen diversity of a geographical region and the HLA-A promiscuity of
local human populations.'*® Conversely, earlier articles proposed a possible detrimental impact
of generalist alleles as they may elicit autoimmune responses more frequently by presenting a

larger number of self-peptides.t3®
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2 AIMS

Here, we hypothesize that promiscuous HLA-I variants are not only capable of binding more
diverse peptides of intracellular pathogens in case of an infection but also higher numbers of
neopeptides in tumors. We first aimed to form a robust definition of allele-level HLA-I
promiscuity, then expand it to create a reliable metric that characterizes the breadth of peptides
presented by a patient's HLA-I set. We hypothesized that individuals carrying one or more
promiscuous HLA-I alleles would have considerably better clinical outcomes in immune

checkpoint blockade therapy.
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3 METHODS

3.1  Details of prediction-based promiscuity calculations

We used a dataset listing nucleotide changes identified in ICl-treated patients and generated all
possible nonamer peptide fragments, mapped to the affected coding sequences.'** Next, 10,000
random nonamers carrying a missense mutation were chosen, which was further reduced to

4650 unique peptides after the elimination of highly similar ones using an iterative approach. 4

We formed the second peptide set based on the COSMIC (Catalogue of Somatic Mutations in
Cancer) database, containing somatic mutations from various tumor types. We downloaded the
database on the 18th of May 2018. We selected missense mutations that occurred in at least 5
melanoma samples (n = 11,294). Following the methods of Marty et al., we generated all
possible unigque 8-11-mer neopeptides from the mutated sequences (n = 189,542).14

We used the NetMHCpan 4.0 algorithm to predict the binding of these peptide sets to HLA-I
molecules.®® We used a set of 16 HLA-A and 13 HLA-B alleles, collected from a reference set
with maximal population coverage from the Immune Epitope Database (IEDB).1*3144 As the
list did not include HLA-C, we selected the first four-digit alleles from each two-digit HLA-C

allele class (n = 14), overall producing an HLA-I set of 43 alleles.

3.2  Using Kullback-Leibler divergence to calculate allele promiscuity

In an alternative definition of HLA-I allelic promiscuity, we utilized experimental data from
the IEDB on peptide-HLA class | interactions, as well as T-cell activation assays, downloaded
on the 17th of January 2019.1*° The dataset was filtered for 8-12-mers, and with available
positive HLA-binding or T-cell activation assays. To reliably estimate peptide-binding
promiscuity, only those HLA-I alleles were included in the analysis, for which at least 400
unique bound peptides were available. The resulting 253,147 peptide-HLA-I interactions gave
us an insight into the binding specificities of 21 HLA-A, 31 HLA-B, and 15 HLA-C alleles.

Next, we used Kullback-Leibler divergence, a metric describing the distance between two
discrete probability distributions. An overview of the calculation is shown in Figure 2. In order
to determine promiscuity for one allele, presented peptides were classified into separate peptide
sets by their amino acid lengths. The following steps were performed for each set separately.
For each amino acid position, amino acid frequency distribution in the set was compared with
that in the complete human proteome (downloaded from the UniProt database) using the

Kullback-Leibler divergence (D, Figure 2a).1*® We used the Rtreemix R library to calculate
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position-specific Dy, values. 10”7 was added to the frequency of all amino acids if an amino
acid had zero frequency in a distinct position. Finally, the mean of position-specific Dy, values
were calculated for each peptide and peptide set, yielding four peptide-length-specific Dy,
values. If an HLA-I allele is more selective (i.e., less promiscuous) in peptide binding, the
higher deviation we can observe between the peptides presented by the HLA-I molecules and
that could be expected based on the human proteome.

Allele-bound peptides (min. 400): from 8- to 12-mers

Calculation of Dy for 8-mers (minimum 40 peptides)
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Figure 2: calculation and reliability of HLA allele promiscuity. Panel a: Dki(ormalized) Values
were calculated for each peptide length group separately. Panel b: the weighted mean of
length-specific values was determined. The figure is created using Biorender.com.

In order to avoid any potential sample size-related biases, we normalized raw Dy, values by
subtracting a randomized Kullback-Leibler divergence, Dk;(rana)- This value is calculated as
the mean of the Kullback-Leibler divergence values obtained from 1,000 iterations of randomly

selecting peptides with the same length from the human proteome. Dy, values after
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normalization show no significant correlation with the number of input peptide sequences
(Spearman’s p=—0.08, P=0.23).

Subsequently, the mean of peptide length-specific values was calculated, weighted by their
relative proportion in the repertoire of peptides belonging to the HLA-I allele of interest,
yielding Dy, (Figure 2b). As the resulting metric is smaller in alleles with high promiscuity (it

measures allele specificity), we took the reciprocal value of Dy, to calculate allele Pr.

3.3  Calculating peptidome diversity of peptides identified by mass spectrometry

To verify the accuracy of the allele Pr estimates, we used mass spectrometry
immunopeptidomics data obtained from monoallelic cell lines."48 We calculated the
sequence diversity of the peptides using the Shannon entropy index for each HLA-I allele.

3.4 In vitro measurement of HLA-1 neoepitope binding affinity and complex stability

The TANTIGEN database contains known HLA-I cancer neopeptides.**® We pre-filtered this
dataset by excluding peptides with more than 50% sequence identity using an iterative method,
resulting in a set of 29 neoepitopes.'*° Of these, 22 were previously shown to elicit CD8+ T cell
response, while the remaining 7 were recognized by tumor-infiltrating lymphocytes in vivo.*>®
The peptides were synthesized and their binding affinity to pre-selected HLA-I variants was
tested using in vitro REVEAL binding assays (Prolmmune Ltd.). The assay evaluates the ability
of candidate peptides to bind to HLA class I alleles by quantifying their capacity to stabilize the
HLA-peptide complex. The binding of the tested peptides is measured compared to that of a
high-affinity T-cell epitope of the HLA allele of interest.

HLA-I-peptide pairs that exhibited positive results in the REVEAL binding assay were selected
for further investigation of complex assembly and stability. Complete rate assays for 66 peptide-
HLA complexes were performed (Prolmmune Ltd.), measuring the fraction of assembled
complexes at six time points in a time frame of 48 hours. The half-lives needed to reach the
maximum of assembled complexes were calculated by fitting the values to a one-phase

association equation (on-rate values).

Off-rate assays quantified the stability of peptide-HLA complexes by measuring the fraction of
denatured complexes at six time points in a duration of 24 hours. The half-lives of the

complexes were calculated by fitting these values to a one-phase denaturation equation.

We used the NetMHCstabpan-1.0 algorithm to estimate the stability of HLA-neopeptide

complexes.> We compiled a dataset of 1,929 experimentally verified neopeptides, all of which
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are known to have high binding affinity to certain HLA alleles. 4915215 e set the software
not to take into account previous information on the exact binding affinity values. Half-life

values for a peptide-HLA complex (in hours) were considered as a proxy for complex stability.

3.5  Analyzing cancer outcome in ICl-treated and treatment-naive patients

Data from multiple sources were used for the analysis of ICI-treatment outcomes, including
cohorts of melanoma patients treated with CTLA-4 inhibitors'?#134157 'PD-1 inhibitors!*, and
NSCLC treated with PD-1 inhibitors™®®, We excluded patients with zero follow-up time in the
anti-PD-1 treated melanoma dataset. We acquired information on HLA genotype, loss of HLA
heterozygosity, and cancer mutational burden in these patients from a study by Chowell et al.*3*
Information on HED was collected from a later study by the same author.**® RECIST (Response
Evaluation Criteria in Solid Tumors) classification and clinical benefit were compiled from the

NCI Genomic Data Commons portal®>® and further independent resources,122157:158.160

Data on TCGA (The Cancer Genome Atlas) patients regarding their treatments and mutational
burdens were derived from the NCI Genomic Data Commons portal and cBioPortal,
respectively.'®*61 We collected progression-free interval data from a study by Liu et al.*®2 HLA
genotype data was acquired from Li and colleagues.'®® The additional melanoma cohort, used
to evaluate clinical response via RECIST criteria contains ipilimumab-naive, anti-PD-1-treated

patients*®®, as well as TCGA melanoma patients, treated with ipilimumab.

For each patient, genotype-level HLA-I promiscuity (termed as genotype Pr) was calculated as
the mean of the reciprocal values of Dy, values across the whole HLA-I genotype of the subject.
For patients carrying one HLA-I allele with a missing promiscuity value, we applied an
imputation method by replacing the missing promiscuity with the median of existing values for
the alleles of the given HLA locus. This technique neither changes the sample median of
promiscuity values, nor affects the association between survival and genotype-level HLA-I
promiscuity but enlarges the dataset by involving more patients. Subjects having at least two

HLA alleles with no known promiscuity values were excluded from the analysis.

The statistical analysis of patient survival was performed using Survminer and Survival R
libraries.’541%> First, patients in each cohort were classified based on genotype Pr. The
classification was performed using a fixed cutoff of 2.076, which was determined after merging
the three separate cohorts and using a P-value minimization approach from the Survminer R
library. The ggsurvplot function of the Survminer R library was applied to perform log-rank

tests to evaluate the significance of differences between survival rates of the two groups, formed
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based on promiscuity levels. The results were subsequently visualized as Kaplan-Meier curves.
In the case of analyses where patients were classified into more than two groups, ordered

differences were also tested using the implementation of the Survminer R library.

Cox regression models were built using the coxph function in the Survival R library. To assess
the proportional hazard assumption for the Cox regression model fit, we utilized the cox.zph
function available in the Survival library. Additionally, the forest plot for multivariate Cox
models was generated using the forestmodel R library.

3.6  Calculating Differential Agretopicity Index (DAI)

Differential Agretopicity Index (DAI) is a metric measuring the change in binding affinity of a
peptide to an HLA molecule, based on in silico predictions. We compiled previously published
datasets of experimentally verified neopeptides, binding to certain HLA alleles with high
affinity. 149152156 Ag the NetMHCpan-4.0 algorithm showed the highest prediction accuracy
for nonamers, we kept only nine amino acid-long peptides in the analysis.**°1% Peptides with
greater than 50% sequence identity were excluded using an iterative method, resulting in 589
neopeptides.*’ To identify the original counterpart of each neopeptide, we aligned them against
the reference human proteome using BLAST+ 2.10.0.157 By retrieving the closest hit,
BLOSUMG2 (blocks substitution matrix 62) similarities were calculated.*®® We estimated the
binding affinity of the original human peptide and its mutated counterpart to the 67 alleles with
known allele promiscuity using NetMHCpan 4.0.1%°

We calculated DAI values for each peptide-HLA-I pair as it was previously reported.%®® Median
DAI was calculated for each HLA allele, based on all neopeptides that demonstrated significant
binding affinity to the specific HLA-I variant. To reduce the likelihood of false-positive results,
a binding rank percentile cutoff of 2% was applied to identify neopeptides, ensuring that only
the most confidently bound candidate peptides were included in the analysis.**® In other aspects,

DA calculation was consistent with a publication of Ghorani and colleagues.*°®

In addition, we calculated DAI values for neopeptides based on mutations in 139 melanoma
samples from two immunotherapy cohorts.?21%" Missense mutations were derived from the
cBioPortal.*®! We generated the altered peptide sequences using the reference human proteome
(downloaded from the UniProt database as of 9th January 2020), collecting all affected 8-12
amino acid long segments in each sample.'*® We calculated binding affinity and DAI values for

each HLA-I allele of a patient as described above.
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3.7 Analyzing transcriptome data of melanoma samples

We downloaded normalized RNA-sequencing expression data and HLA-I genotypes of anti-

CTLA-4-treated melanoma patients from the cBioPortal .1>"16*

For immune deconvolution analysis, we utilized the immunedeconv R library, following the
recommendations by Sturm and colleagues.®® EPIC (Estimating the Proportions of Immune
and Cancer cells) algorithm?’® was used for endothelial cells and cancer-associated fibroblasts,
MCP-counter!’ (Microenvironment Cell Populations) for macrophages and monocytes, and
quanTlseq'’? for regulatory CD4* T cells. TIDE dysfunction and exclusion score values had
already been calculated and were acquired from the TIDE server.1’

We carried out a gene set enrichment analysis using the GSEA 4.0.3 tool.'”* The software was
set to perform 1,000 permutations, a weighted enrichment statistic, and exclusion of gene sets
with fewer than five genes. Gene sets of biological processes as reported by the Gene Ontology
Consortium were included in the analysis.'”® Gene sets with P <0.001 and false discovery rate

(FDR) <0.1 were considered significant.

3.8 Statistics

In this study, we used retrospective data on cancer patients and validated our results on
independent cohorts. As mentioned previously, zero follow-up time patients in the anti-PD-1-
treated melanoma cohort could have biased our analysis, so we excluded these subjects from
the dataset. Patients having at least two HLA alleles with unknown allelic Pr were also excluded
from every cohort in the study since genotype-level Pr values could not be accurately calculated
for these patients. Correlations between continuous variables have been determined using
Spearman’s correlation coefficients and two-sided correlation tests for P-value calculation. On
boxplots, vertical lines indicate the median, boxes indicate the interquartile range (IQR) and
horizontal lines indicate the first quartile -1.5 x IQR and third quartile +1.5 x IQR. The
statistical analyses and visualization were performed using R v.3.6.3 (http://www.r-project.org)
and the RStudio 1.2.5033 environment. Smooth curves on plots were fitted with the cubic

smoothing spline method.1"
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4 RESULTS

4.1  The road to a proper promiscuity definition

To date, no one has attempted to determine which HLA molecules are generalists and specialists
regarding cancer neopeptides. We aimed to find the most proper method to quantify the breadth
of presentable mutated peptide fragments by each HLA-I allele. In this section, | present the
most significant milestones towards finding the best metrics describing HLA-1 promiscuity.

4.1.1 Promiscuity definitions based on HLA-binding predictions

Previously, our group measured promiscuity levels of different alleles by predicting the binding
of a representative set of pathogen-derived peptides to HLA molecules.**® Allele promiscuity
was defined as the relative proportion of the peptide set predicted to be bound by the HLA
molecule. As an initial approach, we aimed to follow the same logic, by measuring the breadth

of neopeptide sequences having predicted binding to distinct HLA alleles.

The NetMHCpan 4.0 algorithm defines the predicted binding of peptides to an HLA-I allele
through two main metrics: IC50 (half maximal inhibitory concentration) binding affinity and
binding rank. The algorithm classifies peptides with an 1C50 value below 500 nM as weak
binders, while peptides with values under 50 nM are considered strong binders.**° However,
this threshold may vary depending on the HLA allele.r’” Therefore, binding rank is proposed
as a more accurate metric for binding. Binding rank is calculated by comparing the IC50 value
of a peptide with those of 200,000 random peptides. The algorithm considers peptides with a

binding rank below 2% as weak binders, while the strong binding is defined as rank < 0.5.1%°

Different studies in anti-tumor immunity have used either binding affinity or binding rank to
evaluate the binding of peptides to HLA-I alleles. Luksza et al. used binding affinity to build a
predictive model for ICI therapy outcomes.!** Meanwhile, Marty et al. applied binding rank to
compute Patient Harmonic mean Best Rank values to describe how presentable the neopeptides

derived from certain mutations are by the HLA-I alleles of a cancer patient.!4?

We examined thecorrelations between the two metrics, utilizing the two peptide sets and a
reference allele set of 43 alleles (see Methods). We observed strong positive correlations
between the binding affinity and binding rank values measured for corresponding allele-peptide
combinations, in the case of both peptide sets (Spearman’s p =0.93, P < 2.2 x 107 for both the
4650 neopeptides set and the COSMIC-based peptide set). Next, we calculated the levels of

allele promiscuity by determining the proportion of peptides at least weakly or strongly bound



23

by the 43 alleles. Interestingly, we found no correlation between the affinity-based and rank-
based promiscuity scores of the alleles, independently of the peptide set utilized (Figure 3).
a b

. 0.172 0.284 Aff WB . 0.0837 0.2164 Aff WB

- -0.064 0.080 |Aff SB - 0.0007 | 0.1469 | Aff SB
0.172 -0.064 . Rank WB 0.0837 0.0007 - Rank WB
0.284 0.080 . Rank SB 0.2164 0.1469 . Rank SB

am Uy
as Hv
aM uey
as Juey
aM Hv
as Hv
gM MueY
g5 uey

Figure 3: Spearman’s rho values indicating the presence and lack of correlations between
certain prediction-based promiscuity values. Aff and Rank indicate that the promiscuity is
determined by either predicted 1C50 binding affinity or binding rank values, derived from
NetMHCpan 4.0 predictions. WB and SB correspond to weak and strong binding. Panels a and
b show trends based on the 4650 neopeptide and COSMIC neopeptide sets respectively.

These results suggest that binding affinity and binding rank are not interchangeable metrics for
assessing the peptide binding capacity of HLA-I alleles. Due to its definition, the binding rank
may not be able to reliably capture the differences in allele promiscuity levels. A peptide with
a binding rank below 2% means that it has a higher binding affinity than 98% of random
peptides. But if an allele has a more flexible binding pocket, it would be potentially capable of
binding more than 2% of peptides. A fixed 2% rank percentile as binding criterion equalized
the peptide binding repertoire sizes of all alleles, thus obscuring the variation in promiscuity.

Therefore, the binding rank may reflect more the selectivity than the promiscuity of an allele.

We have previously demonstrated that allele promiscuity is robust to the choice of peptide set
and binding cutoff when using affinity measures.** Paul et al. have reported that different HLA
alleles bind different numbers of pathogen-derived peptides below the predicted 500 nM
threshold and that these computational predictions are consistent with experimental data.’’
These findings suggest that affinity binding is a more accurate and reliable basis for
promiscuity, compared to binding rank, even though it also means that using the same affinity

cutoffs for different alleles to determine bound peptides is not appropriate.
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4.1.2 Examining promiscuity using in vitro experimental data

To solve these potential issues arising from the usage of binding prediction results, we also
aimed to establish a metric purely based on experimental data. To do so, we performed a
comprehensive analysis of more than 250,000 peptide—HLA interactions involving 67 HLA-A,
-B, or -C alleles with validated in vitro assay results from the IEDB database. These alleles are

prevalent and represent a substantial proportion of individuals in the human population.#*

We applied a Kullback-Leibler divergence-based protocol to calculate allele-level promiscuity
values, which quantify the amino acid diversity among peptides bound by different HLA-I
molecules (see Methods). We observed a significant variation in promiscuity among common
HLA-A, -B, and -C alleles (Figure 4a). High promiscuity alleles have more diverse peptide
motifs, suggesting that they can bind a broader range of peptides. These sequences are
characterized by the presence of either hydrophobic and basic amino acids or tyrosine at anchor
positions 2 and/or 9 (e.g. HLA-A*30:01 in Figure 4b). Conclusively, the specificity at these
and other positions is low compared to low promiscuity alleles (e.g. HLA-B*27:05).

To validate the reliability of our metric, we compared it with data from two large-scale
immunopeptidomics studies.**”*8 They reported naturally eluted self-peptides from the surface
of HLA-1 monoallelic cell lines, covering 10 HLA-A, 6 HLA-B, and 15 HLA-C alleles. We
detected a strong positive association between promiscuity and peptidome diversity on the cell
surface (Figure 4c). Our findings were consistent across the two studies (Spearman’s p = 0.67
and 0.56, P = 0.005 and 0.03 based on the datasets from Abelin et al. and Di Marco et al., n =
16 and 15 alleles respectively). Using multivariate linear regression, we showed that the
positive association between promiscuity and cell surface peptide diversity remains even if we
control for the locus encoding for the HLA-I allele (coefficient: 0.203, adjusted R-squared:
0.275, P: 0.004, F-test P-value: 0.008).
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Figure 4: properties of Kullback-Leibler-based allele promiscuity. Panel a: the distribution of
allele promiscuity values. Panel b: example binding motifs for an allele with low (HLA-
B*27:05) and high (HLA-A*30:01) promiscuity levels, based on immunopeptidomics data by
Sarkizova et al.1’® Panel c: the amino acid diversity of self-peptides presented by the given
allele on monoallelic cell lines is shown as the function of allele promiscuity. Alleles with higher
promiscuity present more diverse peptide sequences (n = 31 alleles).

4.1.3 Selection of the most appropriate promiscuity definition

To select the most accurate allele Pr definition, we measured the in vitro binding affinities of
29 tumor neoepitopes to 11 representative HLA-I alleles using Proimmune REVEAL HLA-
peptide binding assays. These alleles are prevalent and belong to a small set of reference HLA



26

variants that can achieve maximal coverage of human populations.’** The peptides were
selected from the TANTIGEN database,'*° known to induce a cytotoxic immune response in
vitro or mediate tumor destruction in vivo, and have minimal or no sequence overlap (see

Methods).*® We found a significant variation in the numbers of bound peptides (Figure 5).
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Figure 5: the numbers of peptides bound of the 29 cancer neopeptides from the TANTIGEN
database, according to the in vitro Proimmune REVEAL assays.

We examined the correlation of different promiscuity values with the number of peptides bound
by each allele according to the Prolmmune REVEAL binding assays. We found the strongest
positive relationship with experimental measurements in the case of the Kullback-Leibler
divergence-based promiscuity definition (see Table 1, details on the next page). Conclusively,

we used this metric to describe HLA-I allele promiscuity in the subsequent analyses.

Method | Affinity/rank | Binding strength | Peptide set | Spearman’s rho P

KLD irrelevant irrelevant IEDB 0.86 0.00068
prediction affinity weak 4650 0.82 0.00203
prediction affinity strong COsMIC 0.75 0.00778
prediction affinity weak COsMIC 0.75 0.00778
prediction affinity strong 4650 0.54 0.08392
prediction rank strong 4650 0.53 0.09368
prediction rank weak 4650 0.37 0.26810
prediction rank strong COSMIC 0.18 0.59002
prediction rank weak COSMIC 0.11 0.73764
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Table 1: correlations between promiscuity metrics calculated using different methods and in
vitro measured breadth of presentable neopeptides per HLA-I alleles according to the
Prolmmune REVEAL binding assay. Spearman’s rho and two-sided correlation test P values
are indicated. KLD represents Kullback-Leibler divergence, prediction refers to NetMHCpan
4.0-based promiscuity metrics. Strong and weak binding is defined in section 4.1.1.

4.2 HLA-I promiscuity as a prognostic factor for tumor therapy outcomes
4.2.1 Effects of variation in genotype Pr among cancer patients treated with ICI

To identify the effects of genotype-level mean HLA-I promiscuity (gentype Pr) on cancer
immunotherapy, we collected publicly available data about patients (n = 316) treated with ICI.
We grouped the subjects into three independent cohorts. One cohort consisted of 164 patients
who were administered anti-CTLA-4 as a therapeutic intervention for melanoma.'?21341%" The
second cohort, comprising 74 patients, underwent anti-PD-1 therapy for NSCLC.**® The third
group comprised 78 melanoma patients who were treated with anti-PD-1/anti-PD-L1
therapy.!3* These datasets included information on the whole HLA-I genotype of the subjects
as well, enabling us to calculate their genotype Pr. The metric showed a substantial variation

across patients in the examined cohorts (Figure 6).
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Figure 6: Distribution of genotype Pr in cancer immunotherapy cohorts. The density of
genotype Pr is shown for all patients (panel a, n = 316), melanoma patients treated with CTLA-
4 inhibitors (panel b, n = 164), non-small cell lung cancer (NSCLC) patients treated with PD-
1 or PD-L1 inhibitors (panel ¢, n = 74) and melanoma patients treated with PD-1 or PD-L1
inhibitors (panel d, n = 78). Dashed black vertical lines represent the 25th and 75th percentile
values, while dashed red vertical lines represent the fixed genotype Pr cutoff of 2.076 used for
patient classification.
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Next, we examined how genotype Pr affects the overall survival of patients, treated with 1CI
therapy. To show the robust effect of promiscuity on therapy outcome, we formed low and high
genotype Pr groups among the subjects in each cohort using the unified threshold value of 2.076
(see Methods for details). Contrary to our expectations, high genotype Pr was associated with
significantly reduced overall survival in all cohorts. Melanoma patients under CTLA-4 inhibitor
treatment in the high genotype Pr group showed 44% lower survival rates compared to the low
promiscuity group. Among the PD-1-inhibitor-treated NSCLC patients, high genotype Pr
subjects were 62% less likely to survive compared to the other group. Finally, high HLA-
promiscuity anti-PD-1/anti-PD-L1-treated melanoma patients showed 70% worse survival. All
these differences were statistically significant (Figure 7, two-sided log-rank test P = 0.006, P =
0.008, and P = 0.043 respectively).
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Figure 7: The association of high HLA-I genotype promiscuity and reduced overall survival.
Analysis was carried out for patients with melanoma who were receiving anti-CTLA-4 therapy
(panel a, n = 164 patients), patients with NSCLC who were receiving anti-PD-1 therapy (panel
b, n = 74 patients), and patients with melanoma who were receiving anti-PD-1/anti-PD-L1
therapy (panel ¢, n = 78 patients). Higher mean HLA class | promiscuity predisposes to lower
overall survival time compared to subjects with low genotype Pr.

Previous literature suggested that HLA-I molecules encoded by distinct loci may have different
weights and roles in adaptive immune recognition.’**”® Thus, we next examined how the low
promiscuity of each HLA-I locus contributes to improved survival rates of immunotherapy
patients. We calculated the mean HLA-I promiscuity for HLA-A, -B, and -C alleles of each
patient, as well as the combinations thereof (Table 2). Univariate Cox models showed that
HLA-B genotype promiscuity was a predictive factor of survival, but this negative association
becomes even more significant when HLA-A and -C promiscuity levels are included as well,

indicating the importance of all three HLA class loci.
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Locus Coeff. P (var.) Log-rank Log- ANOVA P
test P likelihood | (vs. ABC)

ABC 2.380 8.6 *10™ 0.001 -700.915 NA
A 0.309 0.164 0.166 -705.346 | <2*10%8
1.100 0.004 0.005 -702.353 | <2*10%
C 1.038 0.190 0.196 -705.473 | <2* 10718

Table 2: The effect of genotype Pr on patient survival when calculated using individual loci.
We examined four univariate Cox models containing the mean promiscuity of individual loci
(Models 2 to 4) and all loci (Model 1) as predictors. The effect of variables on patient survival
is shown. “P (var.)” values indicate two-sided P values of Z statistics. Two-sided log-rank test
P-values and the log-likelihood values for individual models are also indicated. Significant
two-sided ANOVA (Analysis of Variance) P-values indicate that the first model fits better than
the examined one. NA: not applicable.

Response Evaluation Criteria in Solid Tumors (RECIST) is a collection of rules defining the
behavior of tumors and the direction of disease in cancer patients.'8 The condition of a subject
can improve (“respond”), stay the same (‘“stabilize”), or worsen (“progress”) as a result of
treatment. In addition to survival rates, we also tested the association of genotype Pr with
clinical outcomes using RECIST criteria. In previous publications, treatment was defined as
clinically beneficial if it showed a complete or partial response. On the contrary, stable disease
or progressive disease was considered as an absence of clinical benefit to the treatment, 81182
RECIST categorization was available for the anti-CTLA-4 treated melanoma and the anti-PD-
1 treated NSCLC patient cohorts, as well as an additional independent cohort composed of
TCGA patients treated with ipilimumab and subject data published by Riaz and colleagues.*®°
In accordance with the previously presented results on survival rates, patients with no clinical
benefit were shown to have significantly higher genotype Pr (Figure 8a and 8b, Wilcoxon test
P =0.007 and 0.008 in the two cohorts respectively). Patients with high genotype Pr were more
than twofold less likely to have clinical benefit as a result of ICI treatment in the original cohort
(Figure 8a, RR = 2.2, Fisher’s Exact Test P = 0.04). Moreover, even stronger trends were
observed in the second group of patients, treated with either PD-1- or CTLA-4-inhibitors
(Figure 8b, RR = 5.5, Fisher’s Exact Test P = 0.01).
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Figure 8: The association between HLA-I genotype promiscuity and clinical benefit. Panel a:
patients with clinical benefit from the anti-CTLA-4 melanoma and anti-PD1 NSCLC cohorts
had significantly lower genotype Pr (n =43 and 115 in patient groups with and without clinical
benefit, respectively). Similarly, high genotype Pr was associated with a 2.2-fold reduced
chance of clinical benefit after ICI therapy. Panel b: response to ICI therapy in an independent
melanoma cohort. Patients were stratified into low (n = 20 patients) and high (n = 11 patients)
promiscuity groups using the same cutoff as in panel a. In both panels a and b, P values of a
two-sided Wilcoxon'’s rank-sum test and a two-sided Fisher’s exact test are indicated. In the
case of panel b, risk ratios had been calculated by adding one to each element of the
contingency table to avoid division by zero (not indicated in the pie chart).

4.2.2 Effects of genotype Pr variation among non-ICI cancer patients

As ICls allow the antitumor immune response to freely prevail, we expected the strongest effect
of genotype Pr on therapy outcomes in immunotherapy patients. However, as HLA-I-mediated
immune presentation plays a key role in antitumor immunity in general, we briefly examined if
similar trends are visible in those patients who had never received ICI therapy. The Cancer
Genome Atlas is a comprehensive dataset of about 20,000 tumors and matched normal samples
from 33 tumor types, maintained by the National Cancer Institute (NCI) and the National
Human Genome Research Institute (NHGRI).'® In addition to the previously mentioned

immunotherapy cohorts, we analyzed data about melanoma and NSCLC patients.
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We divided melanoma samples (n = 301) in the TCGA database into high- and low-mutational-
burden (TMB) groups based on the median of mutation count values in the cohort (Figure 9a).
In the case of this tumor type, we observed progression-free survival reduced by 38% in patients
with high TMB and genotype Pr compared to the low promiscuity group (Two-sided log-rank
test P = 0.014). Meanwhile, no significant trends were visible for low TMB samples, suggesting
a potential interaction between HLA-I promiscuity and tumor mutational burden (Figure 9b,
two-sided log-rank test P = 0.926). In contrast, no impact of HLA-I promiscuity was shown for
NSCLC patients, independently of the tumor mutational burden levels (Figure 9c-f). These
contradictory findings suggest additional data may be necessary, or the inclusion of other

factors, such as tumor mutational signatures should be considered.
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Figure 9: the relationship between HLA promiscuity and progression-free survival of treatment
naive melanoma (panels a and b) and NSCLC patients (panels c-f). Similarly to previous
studies'®, patients were classified into low (panels a, ¢, €) and high (panels b, d, f) mutational
burden cohorts using the median as a cutoff. In each cohort, patients were classified into low
and high-promiscuity groups using the median as a cutoff. Two-sided log-rank test P values
are shown. The vertical axes indicate the probability of progression-free survival. LUSC: lung
squamous cell carcinoma; LUAD: lung adenocarcinoma.
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4.3  The effects of HLA-I promiscuity on ICI therapy in context of further factors

As mentioned previously in the Introduction, immune checkpoint blockade therapy has variable
efficacy among patients, which motivates the search for key factors that determine treatment
success. Based on the results described in the previous subchapter, we assumed that genotype
Pr could be an additional determinant to consider when deciding on starting an I1CI therapy. To
evaluate whether HLA-I genotype promiscuity is an independent prognostic factor for

immunotherapy outcome, we tested its robustness and compared it to established biomarkers.
4.3.1 Effects of separate HLA alleles on the predictive power of HLA-I genotype Pr values

Arithmetic means are sensitive to outlier values. As HLA-I genotype promiscuity is calculated
as the arithmetic mean of values belonging to six alleles, it is important to test if the observed
trends are indeed the results of the genotype Pr, and not only the effects of certain alleles with
extreme values. We iteratively performed survival analysis for the main ICI cohorts (n = 316),
by excluding individuals carrying each specific HLA allele. We included only those alleles in
the analyses that were carried by at least 10% of the individuals. We found that the association
between HLA-I promiscuity and patient survival remained significant, which indicates that
these trends cannot be explained by a single, highly prevalent allele with special peptide-

binding properties (Figure 10, details continue on the next page).
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Figure 10: the effect of HLA allele promiscuity on survival is independent of the presence of a
single allele. We analyzed the enrichment of alleles in different promiscuity groups of the
merged dataset including all patients from the three immunotherapy cohorts (N = 316). Only
those alleles were included in the analysis that were carried by at least 10% of the individuals.
We stratified patients into low and high genotype Pr groups using the cutoff described
previously for the immunotherapy cohorts (see Methods). Next, we determined the odds ratio
(OR) for finding an allele among high genotype Pr subjects and calculated if the enrichment is
significant using Fisher’s exact tests. The left panel shows data corresponding to FDR < 0.05
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alleles. On the left panel, points on the left and right sides of the dashed red line indicate under-
or overrepresentation of the allele in the high promiscuity group, respectively. On the right
panel, points indicate coefficients of the Cox models that show the effect of genotype Pr on
survival, when excluding patients carrying each allele separately. Positive coefficients indicate
a lower probability of survival among high genotype Pr subjects. Red points indicate FDR and
P values under 0.01 in the two panels, respectively.

Furthermore, we checked how the number of promiscuous HLA-I alleles in a patient’s genotype
affects ICI therapy outcome. Patients carrying multiple promiscuous alleles showed decreased
overall survival compared to subjects with zero or one promiscuous HLA-I variant (two-sided
log-rank test, tested for trend; P = 0.027).

As it was mentioned previously, distinct HLA-I variants significantly differ in their peptide-
binding regions. However, genetically related HLA-I alleles can be classified into supertypes
based on their similar structural properties and peptide binding capabilities. The most common
HLA-A and -B alleles are mostly covered by 12 supertypes.'® Previously, the positive
prognostic effect of the B44 superfamily was reported after ICI treatment, but the reasons
remained unclear. Specific variants in the superfamily had been associated with increased
patient survival, including B*18:01, B*44:02, B*44:03, B*44:05, and B*50:01.** In general,
we found that allele-level promiscuity values (which we were able to calculate for all alleles
listed above except for B*44:05) are lower for B44 alleles compared to others (Figure 11, Two-
sided Wilcoxon’s rank-sum test, P = 0.049).
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Figure 11: HLA-I alleles belonging to the B44 (dark blue) supergroup have low promiscuity
compared to other alleles (two-sided Wilcoxon's rank-sum test P = 0.049).

4.3.2 Controlling for tumor mutational burden, HLA-I heterozygosity, and HED

As tumor mutational burden, HLA-I heterozygosity, and HED have previously been suggested
as determinants of response to ICI therapy, we decided to examine if HLA-I genotype

promiscuity is a predictor for patient survival independently of these established
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factors.126:134.135 Tg note, all these properties are expected to increase the breadth of presented

neopeptides, i.e. the potential targets for adaptive immune recognition of tumor cells.

First, we aimed to determine if any of these characteristics exhibited a statistically significant
association with genotype Pr. We could not find a significant difference between genotype
promiscuity values of homozygous and heterozygous patients (Figure 12a, Two-sided
Wilcoxon’s rank-sum test, P = 0.369). Furthermore, there were no correlations of patient-level
promiscuity values either with mean HED (Figure 12b, Spearman’s p: —0.02, P=0.77, n=316
patients) or mutation burden (Figure 12¢, Spearman’s p: 0.02, P =0.77, n = 316 patients).
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Figure 12: the lack of significant association between genotype Pr and previously identified
factors associated with ICI efficacy. All patients from the three main immunotherapy cohorts
were included in the analysis (n = 316). Panel a: there was no significant difference in genotype
Pr between fully HLA heterozygous patients (n = 251) and the ones homozygous for at least
one HLA-I locus (n = 65 patients). Panel b: similarly, there was no significant association
between genotype Pr and mean HED (Spearman’s p = —0.02, P = 0.77, n = 316 patients).
Panel c: there was no significant association between genotype Pr and tumor mutational
burden of cancer immunotherapy patients (Spearman’s p = 0.02, P = 0.77, n = 316 patients).

Our next objective was to gain insight into the effects of these genomic properties on patient
survival. We built a multiple Cox regression model, including genotype Pr, TMB, HLA-I
heterozygosity, and HED as well. Tumor mutational burden and HLA-I genotype Pr were found
to be the strongest factors in determining overall survival. Meanwhile, HED and HLA-I
heterozygosity had no significant effect on therapy outcomes. Notably, not even the presence
of B44 and B62 alleles (both supertypes have been associated with better ICI therapy outcomes)

as an additional factor in the model showed significant effects on survival time (Figure 13).134
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Variable Hazard ratio P
Genotype Pr i —— 0.004
Mutational burden il : <0.001
Mean HED -: 0.484
Homozygous r—:l—' 0.732
B44 supertype II* 0.275
B62 supertype wl* 0.114
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Figure 13: the effect of genotype Pr on survival remained highly significant in a multiple Cox
regression model. The model includes TMB, additional HLA-associated features, and cancer
type as covariates. The model involved all patients from the main immunotherapy cohorts (n =
316). Blue squares indicate hazard ratios and horizontal lines indicate 95% confidence
intervals. Two-sided P values of z-statistics are shown. The two-sided log-rank test P value of
the model was 5 x 1075, Genotype Pr, TMB and mean HED were treated as continuous
variables.

4.4  Exploring the background of poor prognosis in high genotype Pr patients

Contrary to our preconceptions we found that high genotype Pr is associated with poor
prognosis in cancer patients treated with ICI therapy. In the subsequent sections, I present our

efforts to identify the underlying causes behind these unexpected trends.
4.4.1 Binding multispecificity does not compromise stability

The stability of peptide—HLA complexes is essential for effective antigen presentation.®® It is
a widely accepted view in enzymology that more promiscuous substrate binding negatively
correlates with complex stability.'®® Here, we examined if high HLA-I allele promiscuity is
associated with a reduced capacity to form stable protein complexes with neopeptides -
assuming that this phenomenon might explain the poor survival rates among high genotype

promiscuity patients.

We utilized the in vitro Prolmmune Complete Rate assays to measure the assembly and
dissociation rates of 66 representative neopeptide-HLA class | complexes. Interestingly, we
observed a significantly shorter time for complex assembly (Figure 14a and c) and longer half-

life of the resulting complexes (Figure 14b and d) in the case of high promiscuity HLA alleles.
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Figure 14: high allele Pr is associated with higher stability peptide—-HLA complexes. Panel a:
in vitro measured half-lives of complex assembly for 65 allele-neoepitope pairs. Alleles were
stratified into low- (n = 36 complexes) and high- (n = 29 complexes) promiscuity groups based
on the median allele Pr. The result for one allele-neopeptide pair is not shown because stable
complexes were not detected at the end of the measurement period. Panel b: in vitro measured
stability of 66 allele-neoepitope pairs. Peptide-HLA complexes of promiscuous HLA variants
are more stable. The vertical axis shows the complex half-life in hours (n = 37 and 29 complexes
in low and high allele Pr groups, respectively). For allele-peptide pairs that did not form any
stable complexes at the start of the measurement period, the complex half-life was defined as
0. Panel ¢ and d: promiscuous alleles are 1.7-fold more likely to form complexes with an
assembly half-life (T12) <24 h (panel c) and 2.8-fold more likely to form particularly stable
complexes with T12 > 24 h (panel d). P values for two-sided Fisher’s exact tests and relative
risk (RR) values are indicated. Panel e: Predicted half-life of neopeptide—HLA complexes using
the NetMHCstabpan algorithm.'>* Complexes were identified by predicting the binding affinity
of 1,929 neopeptides to 67 HLA-I alleles (Fig. 1d and Methods). Alleles were stratified into
low- (n = 3,518 complexes) and high- (n = 4,895 complexes) promiscuity groups using the same
cutoff as in panels a and b. For plots in panels a, b, and e, P values for two-sided Wilcoxon’s
rank-sum tests are indicated. For panels aand b, violin plots show the density function of values
indicated on vertical axes, and horizontal lines indicate the median value in each group.
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We extended the in vitro findings with the results of an in silico experiment. Using
NetMHCstabpan®®!, we predicted the HLA-peptide complex stability for 67 HLA class | alleles
and a set of 1,929 experimentally verified neopeptides. Predictions also suggested increased
levels of stability among promiscuous HLA-I molecules (Figure 14e).

In overall, in contrast to other proteins, binding multispecificity and binding stability of HLA-

I molecules are positively correlated.
4.4.2 High HLA-I promiscuity hampers discrimination between self and altered self

A potential reason for the immunogenicity of a neopeptide is that its original counterpart is not
bound by the patient’s HLA-I molecules, while the mutated one is presented on the surface of
the tumor cells. As previously described in the Introduction, there are central tolerance
mechanisms remove T cells that are reactive to self-peptides — but it requires HLA-binding.?>?2
Conclusively, it has previously been proposed that tumors carrying more neopeptides with
highly increased binding capabilities to the patient’s HLA-I molecules should be more

susceptible to immune recognition, and, thus, responsive to ICI therapy.141:166.187.188

Differential Agretopicity Index (DAI) is an indicator measuring the difference between the
predicted affinity values for a neopeptide and its homologous non-mutated pair to a specific
HLA-I allele. Therefore, in the case of high DAI neopeptides, the original one had a much lower

predicted chance for binding to an HLA-I molecule compared to its mutated counterpart.6®

In the next step, we examined how certain HLA-I variants discriminate between self and
mutated peptides. We applied a set of 589 experimentally verified tumor neopeptides (see
Methods), by calculating the median DAI for these sequences to the 67 HLA-I alleles with
known allele Pr. In conclusion, we found a strong negative correlation between DAI and the
allele Pr of HLA-A and HLA-B alleles, but not for HLA-C alleles (Figure 15).

Conclusively, we expected to see an abundance of high-DAI neopeptides in tumor samples of
patients having low HLA-I genotype promiscuity. By analyzing nonsynonymous mutations in
melanoma samples of 139 patients treated with CTLA-4 inhibitors, we determined the complete
set of neopeptides presented by at least one HLA-I allele of the corresponding subject (see
Methods for details). Consistent with the findings for separate alleles, the median DAI for
neopeptides showed a significant negative association with genotype Pr as well (Figure 16a,
Spearman’s p = —0.34; P = 3.78 x 107®). In accordance with the literature, higher median DAI
was also found to be positively associated with patient overall survival (Figure 16b, two-sided
log-rank test, tested for trend, P = 0.0001).16¢
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Taken together, these results suggest that patients who carry promiscuous HLA-I alleles have
a reduced ability to differentiate between self-peptides and the corresponding mutant tumor

neopeptides, which may have implications for patient survival.
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Figure 15: correlations between allele promiscuity and median DAI for neopeptides. The
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HLA-C (panel ¢, n = 21 alleles) allele promiscuity and median DAI for bound tumor
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Figure 16: Correlation of patient-level median DAI and genotype Pr values. Panel a: in
melanoma samples (n = 139), neopeptides bound by promiscuous HLA alleles have a lower
median DAL Spearman’s p and the associated P values are shown. Panel b: patients from the
anti-CTLA-4-treated melanoma cohort were stratified into low- (n = 41 patients), medium- (n
= 81 patients), and high- (n = 41 patients) genotype DAI groups based on the first and third
quartiles of all values. A higher median DAI was associated with longer survival. The two-sided
log-rank test P value is 0.0001. Between-group differences were also tested for trend (Methods).
Y axis indicates the probability of survival.
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4.4.3 Association of high HLA-I genotype promiscuity with tolerogenic responses
Our hypothesis on peripheral tolerance

Complementary to central tolerance, CD8+ T cells can also be inhibited through several
pathways on the periphery. Peripheral tolerance is initiated when original self-peptides are
presented by HLA-I molecules.*11%® These mechanisms aim to avoid self-reactive T cells from
unnecessary activation and subsequent autoimmune reactions.?* These otherwise important
processes can be exploited by tumors, as T-cell tolerance in the tumor microenvironment can
enhance uncontrolled cell growth.18%1%0 As promiscuous HLA-I alleles are seemingly less able
to discriminate between original and altered self-peptides, regulation of T cells may be shifted

towards tolerance responses instead of immune destruction.

Here, we aimed to identify molecular and cellular properties of T-cell tolerance in cancer
samples. We utilized a dataset about patients with melanoma treated with anti-CTLA-4
antibody ipilimumab (n = 30), as it includes information for each patient’s pre-treatment

transcriptomes, HLA genotype, and disease progression as well.1>’

Gene set enrichment analysis (GSEA) is a computational method that determines if a set of
genes (for example, sharing common biological function, chromosomal location, or regulation)
exhibit statistically significant, consistent differences between two biological conditions. RNA
expression is one of the most frequently used variables in GSEA.1"* We investigated whether
genes with certain functions are more expressed in tumors of high genotype Pr patients
compared to the low group. The analysis showed that gene sets associated with the positive
regulation of T-cell induction, type 2 immune response, extracellular matrix secretion, and
macrophage induction were upregulated in the high genotype Pr group, as well as genes
associated with the negative regulation of T helper-1 cell-mediated immune response and CD4+

alpha—beta T-cell differentiation (Figure 17).

All these gene classes are associated with an immunosuppressive tumor microenvironment. As
described previously in the Introduction, the activity of macrophages may lead to the inhibition
of effector immune responses, as well as angiogenesis.'®* Meanwhile, type 2 immune response
is reported to be significantly less effective against cancer cells, compared to the T helper cell-
mediated type 1 response.'%1%2 The transcriptomic markers of CD4+ T-cell differentiation are
significantly lower, which is also an indicator of poor prognosis.'®¥1%° The role of extracellular
matrix and immune suppression in cancer progression has also been described in previous

literature, 193194



40

Macrophage activation involved in immune response * 4 ®
) ) ® Immune Regulation
Pos. regulation of type 2 immune response * 4 ® Macrophage ®
Superoxide anion generation 4 ROS
Regulation of inflammatory response to antigenic stimulus Q

Regulation of nitric oxide biosynthetic process 1
Pos. regulation of neutrophil migration 4 ®
Regulation of extracellular matrix constituent secretion * 4 L
Regulation of NADPH oxidase activity 1
Pos. regulation of cytokine secretion A ®
Regulation of macrophage activation * L]

Reactive nitrogen species metabolic process

Neg. regulation of CD4+ alpha beta T cell differentiation * 4 o}
Pos. regulation of T cell tolerance induction * 4 ®
Macrophage colony stimulating factor signaling pathway * 4 0
Neg. regulation of Th 1 immune response * 4 ®

Regulation of reactive oxygen species metabolic process 1

Pos. regulation of interleukin 17 production 4 ®

o o o
— — ol
Normalized enrichment score

Figure 17: Results of the gene set enrichment analysis. Patients were stratified into low- and
high- genotype Pr groups using the median as a cutoff (n = 15 samples in both groups). Gene
sets enriched in high genotype Pr samples with P < 0.001 and FDR < 0.1 are shown. Terms
are classified into three main categories, and those associated with the development of an
immunosuppressive tumor microenvironment are marked with asterisks.

Immune deconvolution

Immune deconvolution is a computational method that estimates the proportions of different
immune cells in samples, based on gene expression levels measured in a tumor biopsy.!%® We
assessed the immune cell composition of the tumor samples utilizing a state-of-the-art software
tool and recommendations from previous benchmark studies.®® We observed an over-
representation of Treg cells, macrophages and monocytes, cancer-associated fibroblasts, and
endothelial cells in tumor samples with high genotype Pr; indicators of suppressive

microenvironment (Figure 18).

Key genes with increased expression in high promiscuity tumor samples include TGF-f
(Transforming Growth Factor ), produced by regulatory T cells and macrophages, inhibiting
effector immune functions; as well as FOXP3 (forkhead box P3), encoding a master regulator
protein in Trg development and function (Figure 19). All these factors had been previously

shown to contribute to poor outcomes in cancer patients.8%19
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Figure 18: association of high HLA-I genotype promiscuity with markers of an
immunosuppressive cancer microenvironment, using immune deconvolution analysis. Boxplots
show approximated cell abundance in samples with low and high genotype Pr. Patients were
stratified into low- and high-genotype Pr groups using the median as a cutoff (n = 15 samples

in both groups).
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Figure 19: expression of genes encoding the cytokine TGF-f and the transcription factor
FOXP3, molecules associated with T-cell tolerance. Patients were stratified into low- and high-
genotype Pr groups using the median as a cutoff (n = 15 samples in both groups).

The role of immune checkpoint molecules

We investigated the expression levels of genes encoding for a selected set of costimulatory
proteins and immune checkpoint receptors. These, including CTLA-4, PD-1, TIGIT, and TIM3

are responsible for the initiation of immune tolerance, and consequently, the formation of an
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immunosuppressive tumor microenvironment.’*71% Importantly, all genes displayed higher

expression in cancer samples with high genotype Pr (Figure 20).
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Figure 20: expression levels of genes encoding immune checkpoint molecules. Patients were
stratified into low- and high-genotype Pr groups using the median as a cutoff (n = 15 samples
in both groups).

Irreversible T-cell dysfunction is frequently associated with the formation of an
immunosuppressive tumor microenvironment, as well as results in poor response to ICI
therapy.”>1% In this state, T cells have a reduced proliferative capacity and effector function.
Next, we aimed to investigate whether high HLA-I genotype promiscuity is linked to T-cell
dysfunction. We found that TOX, TOX2, T-bet, and BLIMP1 genes, transcription factors
reported to have a major role in the formation and maintenance of T-cell dysfunction, had higher

expression levels in cancer samples with high genotype Pr (Figure 21a),199200

We also performed a systematic analysis using Tumor Immune Dysfunction and Exclusion
(TIDE) method, a computational tool providing scores that describe T-cell dysfunction and
exclusion signatures for tumors, especially the level of late-stage, irreversible dysfunction of T
cells. Previously, the output scores had been shown to reliably predict ICI outcomes.!”® We
found a positive correlation between genotype Pr and T-cell dysfunction score (Figure 21b,
Spearman’s p = 0.4, P = 0.03), but significant trends were not observable for T-cell exclusion
score (Figure 21c, Spearman’s p =—0.1, P = 0.6). This indicates that high genotype Pr does not
prevent the infiltration of T cells directly, in contrast, it shapes the activity and functions of T

cells in the tumor microenvironment.
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Figure 21: association between genotype Pr and markers of T cell dysfunction. Panel a:
Expression of genes encoding master regulators associated with T-cell dysfunction. Patients
were stratified similarly to the comparisons in Figure O. High genotype Pr is associated with
an elevated T-cell dysfunction score calculated by the TIDE algorithm (panel b). In contrast,
no significant trend is observable for the exclusion score (panel ¢). Spearman’s p and P values
of a two-sided correlation test are indicated in the scatter plots of panels b and ¢ (n = 30
samples); the dashed red line indicates a linear regression line.

Furthermore, we investigated whether there are any correlations between T cell dysfunction
and HLA-I-associated features, previously suggested to be clinically relevant, including HLA-
| heterozygosity, HLA-I HED, and the presence of HLA-encoding gene variants belonging to
certain allele supertypes (Figure 22). Importantly, neither of these factors showed a significant

correlation with the T cell dysfunction score.
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Figure 22: the TIDE dysfunction score is shown as a function of HLA evolutionary divergence.
There was no relationship between the two variables (panel a, Spearman’s p: —0.01, two-sided
correlation test P = 0.96, n = 35 samples). Similarly, neither HLA homozygosity (panel b) nor
the carrier status for B44 (panel ¢, n = 17 and 18 samples in B44 positive and B44 negative
groups, respectively) or B62 (panel d, n = 5 and 30 samples in B62 positive and negative
groups, respectively) supertype alleles affected the TIDE dysfunction score. In panel a, the
dashed red line indicates a linear regression line.
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5 SUMMARY AND DISCUSSION

HLA-I genes are key components of the human adaptive immune system, and their allelic
variants encoded by HLA-A, -B, and -C loci restrict the peptides presented to CD8+ T cells.!
The peptide-binding region of HLA class | alleles exhibits significant sequence variation,
making the peptide repertoire presented by each allele distinct and only partially overlapping
with others. This peptide repertoire is called immunopeptidome, and as a result of high allelic

diversity in the human population, it shows high variation between individuals.

Moreover, different HLA variants have different peptide-binding capacities, with some being
highly promiscuous, while others preferentially bind a narrow set of peptides.4%2°! Although
HLA promiscuity is thought to be advantageous in pathogen-rich environments, its role in

anticancer immunity has not been fully established yet.4

First, we aimed to quantify the potential size of the immunopeptidome for each allele. Initially,
we followed the methodology from our previous study.*® To put it in the context of tumor
immunity, we replaced pathogen-derived peptides with neopeptide sequences. The
NetMHCpan 4.0 algorithm, utilized for the in silico predictions, determines the strength of
binding via two distinct metrics, IC50 binding affinity and rank percentile. We showed that for
a chosen set of allele-peptide combinations, the two measurements show strong correlations.
However, a noticeable disparity was observed in the relative fraction of peptides categorized to
be weak binders or strong binders for a particular allele when using the two metrics. As
delineated in the Results, these discrepancies stem from differences in the definitions of rank
percentile and binding affinity. The former unifies the size of weakly or strongly bound peptide
repertoires for all alleles — exactly what we aimed to quantify. On the other hand, prior studies

have revealed that distinct HLA-1 molecules have different IC50 nanomolar binding thresholds.

To build a robust method to quantify HLA-I promiscuity, we attempted using in vitro assay
data. We designed a metric, which showed a positive correlation with the diversity of eluted
peptides from immunopeptidomic studies. In addition, utilizing in vitro Proimmune REVEAL
assays, we showed experimentally that this Kullback-Leibler divergence-based metric

correlates most strongly with the breadth of peptides bound by HLA-1 molecules.

This finding was followed by an investigation focusing on the impacts of HLA-I promiscuity
on the response to ICI therapy in melanoma and NSCLC patients. Contrary to our expectations,
patients carrying highly promiscuous HLA-I alleles had worse prognosis. We found a

prominent effect of HLA-B promiscuity on patient survival. This might be explained by the
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relatively high abundance of this molecule on the cell surface relative to that of HLA-A and
HLA-C.13417 However, based on univariate Cox models, genotype Pr based on all loci is a

better predictor of survival, compared to the three loci separately.

To explore the potential mechanisms underlying this trend, a multiple Cox regression model
was applied. We found that genotype Pr and TMB were the strongest predictors of patient
survival, while HED and HLA-I heterozygosity had no significant effect. The limitations of
these metrics had been previously shown in a work investigating the survival of immunotherapy
patients with NSCLC.% Interestingly, TMB was found to be a factor in significant interaction
with genotype Pr only in the case of patients with melanoma, but not in lung cancer. Further
research and data on additional factors (e.g. mutational signature composition) is necessary to
find the underlying causes of this trend.

Peptide-HLA-I complex stability is a key factor in determining the immunogenicity of an
antigen.'® Surprisingly, we found that promiscuous HLA variants tended to form more stable
complexes with bound peptides, challenging previous assumptions. This finding may have

important implications for immunology and should be explored further in future studies.

Moreover, we observed a negative correlation between the level of HLA-I promiscuity and the
differential binding affinity of mutated neopeptides. This suggests that patients with high
genotype Pr have a reduced ability to discriminate between self- and mutated tumor peptides,
having important implications for their anticancer immune response. To note, we did not
observe significant trends between DAI for HLA-C molecules and their corresponding Pr
values. The lack of correlation might be the result of the low variance HLA-C allele

promisculity.

We hypothesized that, the regulation of T cells in the tumor microenvironment is shifted from
effector functions to tolerance, yielding a reduced capacity to eliminate cancer cells. In
agreement with the expectations, melanoma samples from patients carrying promiscuous HLA-
| alleles displayed molecular and cellular signatures of peripheral T-cell tolerance and an
immunosuppressive tumor microenvironment. We detected an increased prevalence of
Treg Cells, as well as elevated expression of genes encoding immune checkpoint receptors (PD-
1), suppressive soluble mediators (TGF-f3), and master control genes involved in regulatory T-
cell development and maintenance (for example, FOXP3). One potential explanation for
immune tolerance in individuals with high genotype Pr could be the paradoxical effects of

excessively stable pHLA-TCR complexes on immune activation. This concept, as discussed in
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the Introduction concerning the mechanism of action of PD-1 molecules, suggests that the
enhanced stability of these complexes might hinder proper immune activation.’? In overall,
future work should elucidate the precise molecular pathways underlying these patterns.
Additionally, it is important to elucidate the impact of HLA-I promiscuity on central tolerance
and the potential depletion of T-cells in the repertoires of healthy individuals.?*2

High peptide-binding promiscuity could be a shared characteristic of genetically diverse HLA-
class | variants that are associated with decreased survival rates following ICI therapy.
Consequently, this metric could potentially serve as a useful target for future clinical trials
identifying genetic variables of antitumor immunity. It is important to highlight that HLA-I
promiscuity is a conceptually and statistically distinct factor compared to other, previously
established determinants of therapy response and the occurrence of adverse events associated
with ICI immunotherapy.3*13520%3 An interesting, unresolved issue is the potential interaction
between high genotype Pr and high TMB in tumors. This question would be addressed in later

analyses, as more immunotherapy cohort data becomes publicly available.

The presented findings raise important questions to be considered in future studies. The
importance of HLA class 11 immune presentation had been described in multiple studies.?0420
This current work neither investigated the potential effects of HLA-II alleles in ICI therapy nor
aimed to quantify the binding promiscuity of these molecules. Measuring HLA-II promiscuity
is challenging for several reasons. As a result of a more open structure, the preferred length of
peptides bound by HLA-II is not as limited as it is for HLA-I, which adds complexity to the
analysis. #>2% Additionally, there is a limited amount of data available on the binding affinities
of peptides to HLA-II molecules, which makes it difficult to accurately measure the levels of

allele promiscuity.

Previously it has been shown that the presentation of a broader range of viral peptides could be
beneficial in acute viral infections.!4%2°t Qur results suggest that the presence of high
promiscuity alleles capable of binding peptides by less specificity could hamper antitumor
immunity. These trends indicate a negative trade-off between the genetic susceptibility for
effective antitumor immune responses and the capability to efficiently resolve viral infections.
There might be various potential reasons for these opposite trends. Viral peptides usually have
a lower sequence similarity to the human proteome (Figure 23), in contrast to mutated self-
peptides, which mostly differ only in one amino acid compared to the germline version of the

original protein.?°’2% n the case of viral epitopes, HLA-I molecules do not pay the cost of
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presenting a higher number of peptides. Meanwhile, in the case of tumor neopeptides the

discriminative capabilities of highly promiscuous HLA-I alleles are limited.
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Figure 23: the maximum BLOSUMG62 sequence similarity of neopeptides (n = 589) and
immunogenic viral (n = 1038) peptides to the non-mutated human proteome. Only nine amino
acid-long peptides were included in this analysis.

In a previous study, our group has shown that promiscuous HLA-A and -B variants are highly
frequent in South-East Asia, likely as a consequence of selection by high pathogen load in the
region.'®® This pattern raises the question if there are geographical and ethnic differences in
genetic factors shaping cancer immunotherapy outcomes and antitumor immunity in general.
Finally, studies highlight the relevance of neoantigen immunogenicity and quality additionally
to neoantigen quantity in patient survival.?®® This work suggests that HLA-I peptide-binding
promiscuity is an important factor in shaping neoantigen immunogenicity, with potential

implications on cancer vaccine design.?*
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Negative trade-off between neoantigen repertoire
breadth and the specificity of HLA-I molecules
shapes antitumor immunity

Maté Manczinger ©®123472 Balazs Koncz??, Gergé Mihaly Balogh??, Benjamin Tamas Papp?5,
Le6 Asztalos?5, Lajos Kemény ©® 234, Balazs Papp"® and Csaba Pal'<

Human leukocyte antigen class | (HLA-I) genes shape our immune response against pathogens and cancer. Certain HLA-I
variants can bind a wider range of peptides than others, a feature that could be favorable against a range of viral diseases.
However, the implications of this phenomenon on cancer immune response are unknown. Here we quantified peptide reper-
toire breadth (or promiscuity) of a representative set of HLA-I alleles and found that patients with cancer who were carrying
HLA-I alleles with high peptide-binding promiscuity have significantly worse prognosis after immune checkpoint inhibition.
This can be explained by a reduced capacity of the immune system to discriminate tumor neopeptides from self-peptides when
patients carry highly promiscuous HLA-I variants, shifting the regulation of tumor-infiltrating T cells from activation to toler-
ance. In summary, HLA-I peptide-binding specificity shapes neopeptide immunogenicity and the self-immunopeptidome reper-
toire in an antagonistic manner, and could underlie a negative trade-off between antitumor immunity and genetic susceptibility

to viral infections.

nucleated cells and present intracellularly derived peptides.

HLA-I genes are the most variable in the human genome’,
and this variation shapes susceptibility to infectious diseases, auto-
immune disorders and cancers'.

The adaptive immune recognition of mutated peptides (neopep-
tides) is essential for effective tumor destruction by effector immune
cells’. These neopeptides are presented on the surface of cancer
cells generally bound by HLA-I molecules, and are subsequently
recognized by T cells which can potentially induce an anticancer
immune response’. Allelic HLA-I variation shapes the efficacy of
antitumor immunity in a complex manner. HLA-I homozygos-
ity, certain HLA-I supertypes and germline HLA-I evolutionary
divergence (HED) are associated with an altered overall survival in
patients receiving immunotherapy*’, but these associations may be
dependent on the type of cancer, genetic background and specific
details of treatment®’. Additionally, the HLA-I genotype shapes the
mutational landscape of tumors: common missense mutations are
generally bound more weakly by HLA molecules® and lung cancer
cells frequently lose one copy (or both copies) of their HLA-I alleles,
resulting in immune escape of cancer cells’.

An important feature of HLA-I alleles that has received little
attention in cancer immunity is peptide-binding promiscuity. There
is a substantial variation in the size of the bound and presented pep-
tide repertoire across HLA-I alleles'". Certain HLA-I alleles are
capable of binding an exceptionally large set of peptide segments.
For instance, a bioinformatics analysis has revealed >16-fold varia-
tion in the number of peptides bound by common HLA-I alleles
from a wide range of dengue-virus-derived peptides'”. Similarly, the

| | LA-I molecules generally reside on the surface of human

binding capacity of HLA-B molecules to a large set of self-peptides
varies extensively, and influences the native repertoire of T-cell
clones developing in the thymus'. Previous studies suggest that
HLA classI and II peptide-binding promiscuity has been positively
selected during the evolutionary diversification of human popula-
tions, because these provide an enhanced capacity to withstand high
pathogen diversity'>!".

In this work we studied the impact of the peptide-binding rep-
ertoire of HLA-T alleles on cancer immune checkpoint inhibitor
(ICI) therapy. ICISs target inhibitory receptors on T cells and thereby
stimulate antitumor immunity'*. However, because only a subset
of patients responded adequately to ICI-based immunotherapies,
understanding the immunological mechanisms underlying thera-
peutic success is of paramount importance. We found that patients
with cancer carrying HLA-I alleles with promiscuous peptide bind-
ing were characterized by significantly worse prognosis after ICI
immunotherapy. This trend can be explained by a reduced capac-
ity of the immune system to discriminate tumor neopeptides from
self-peptides in individuals carrying highly promiscuous HLA-I
variants. As a consequence, cancer samples from these patients dis-
play signatures of an immunosuppressive tumor microenvironment
with prominent T-cell dysfunction. Taken together, these results
indicate that HLA-I alleles with low peptide-binding specificity rep-
resent a genetic barrier to effective cancer immunotherapy.

Results

Peptide-binding specificity of HLA-I alleles. Our first aim was to
estimate the peptide-binding specificity of individual HLA-I alleles
by collecting peptide-HLA-I interactions validated experimentally
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in vitro (Methods). In total, we analyzed >250,000 peptide-HLA
interactions covering 67 HLA-A, -B or -C alleles with appropriate
in vitro data. These alleles are present at detectable frequencies and
cover a large fraction of individuals in numerous human popula-
tions. Importantly, all HLA-A and -B alleles of a well-established
reference set with maximal population coverage'® were included in
our analysis.

An established protocol was used to identify the amino acid
composition of the 8-12-amino acid-long peptides bound by the
peptide-binding domain of each HLA-I allele (Methods). Using
these data, we calculated peptide-binding promiscuity (Pr), an
index that estimates the sequence diversity of the peptides presented
by each allele (Methods and Extended Data Fig. 1a,b). Alleles with
high Pr are capable of binding a wide variety of peptides and can
be explained with diverse peptide motifs (Extended Data Fig. 2).
Bound peptides are enriched in either hydrophobic and basic amino
acids or tyrosine at anchor positions2 and/or 9 (Extended Data
Fig. 2). At the same time, the selectivity at these and other positions
is low compared to other alleles (Extended Data Fig. 2).

We found a substantial variation in Pr across common HLA-A,
-B and -C alleles (Fig. 1a). The reliability of the calculated Pr val-
ues was first confirmed by analyzing the data of two large-scale
immunopeptidomics studies'®””. These studies identified natu-
rally eluted self-peptides from the surface of HLA-I monoallelic
cell lines, and include peptide data for ten HLA-A, six HLA-B and
15 HLA-C alleles. We found a strong positive correlation between Pr
and peptidome diversity on the cell surface (Fig. 1b), which
remained when data of the two studies were analyzed separately
(Extended Data Fig. 3a,b).

Additionally, the in vitro binding affinities of 11representa-
tive HLA-I alleles to 29tumor neoepitopes were measured with
ProImmune REVEAL HLA-peptide binding assays. These alleles
are widespread and are consequently part of a small set of refer-
ence HLA variants that allows maximal coverage of human popula-
tions'”. The selected peptides were collected from the TANTIGEN
database'®. These peptides elicit either a cytotoxic immune response
in vitro or can mediate tumor destruction in vivo'’ (Supplementary
Table 1), and display limited or no overlap in sequence (Methods).
The analysis revealed a substantial variation in binding affinities to
different peptides (Supplementary Table 1). Reassuringly, there was
a strong positive correlation between Pr and the fraction of neopep-
tides bound by a given allele (Fig. 1¢; Spearman’s p = 0.86, two-sided
correlation test P=7 X 1074).

To confirm the results reported above, the binding speci-
ficities of HLA-I alleles against established sets of 1,929 cancer
peptides (Supplementary Table 2) and 9,544viral peptides
derived from diverse pathogens (Supplementary Table 3) were
calculated using the NetMHCpan-4.0 algorithm™. Additionally,
it was also tested whether Pr is associated with the diversity of
human self-immunopeptidome using a set of 212,090 peptides
identified in 25immunopeptidomics studies (Supplementary
Table 4). It was found that HLA-I variants with high Pr present
a larger diversity of neopeptides, human self-peptides and viral
peptides (Fig. 1d-f). These associations remained significant in
multivariate linear regression models that included the HLA-Ilocus
as a categorical predictor variable (Supplementary Table 5). The
relationship between promiscuity and the fraction of bound neo-
peptides holds for both HLA-A and -B, but not for HLA-C, when
these loci were analyzed separately (Extended Data Fig. 3c-e).
Together, these results indicate that HLA-I peptide-binding pro-
miscuity shapes the diversity of the presented tumor, human self
and viral immunopeptidome. They also verify that Pr is a suit-
able index for estimation of the diversity of peptides presented by
HLA-T alleles.

Because the stability of peptide-HLA complexes is essential
for effective antigen presentation”’, we finally evaluated whether
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promiscuous HLA-I alleles have an altered capacity to form stable
protein complexes with neoepitopes. The assembly and dissociation
rates of 66 representative neoepitope-HLA-I complexes were mea-
sured in vitro using ProImmune Complete rate assays (Methods).
On average, assembly of the complexes tends to be faster and the
resulting complexes more stable with high-Pr HLA-I molecules
(Fig. 2a-d). These results were further supported by the computa-
tional analysis of HLA-peptide complex stability involving 67 HLA
alleles and 1,929 neopeptides (Fig. 2e and Methods). We conclude
that, in contrast to other proteins®, there is no evidence for a nega-
tive trade-off between binding multispecificity and complex stabil-
ity in the case of HLA-I molecules.

High level of HLA-I promiscuity yields worse prognosis. To
investigate the impact of Pr on cancer immunotherapy, we focused
on previously published cohorts of patients with cancer who were
treated with ICI**-**, We collected data on patients with melanoma
who were receiving anti-CTLA-4 therapy**** (n=164), patients
with non-small cell lung cancer (NSCL) who were treated with
anti-PD-1 therapy” (n="74) and patients with melanoma who were
treated with anti-PD-1/anti-PD-L1 therapy* (n=78). The HLA
genotype of patients in these three cohorts was determined previ-
ously". For each patient we calculated genotype Pr as the mean of six
HLA-A, -B and -C allelic Pr values, under the assumption that each
locus contributes to the presentation of neopeptides. There was a
substantial variation in genotype Pr across patients in the examined
cohorts (Extended Data Fig. 4).

We next examined how genotype Pr affects overall survival
probability in response to ICI therapy. Patients were classified
into high and low genotype Pr, based on a fixed cutoff used in all
cohorts (Methods). High genotype Pr was found to be associated
with reduced overall survival in all three cohorts (Fig. 3a—c). For
example, survival rates of CTLA-4 inhibitor-treated melanoma
patients with high genotype Pr were 44% lower than those of
patients in the low-Pr group, while the high genotype Pr group of
PD-1-inhibitor-treated patients with NSCLC were 62% less likely to
survive than individuals in the low-Pr group.

We also tested the impact of genotype Pr on clinical outcome
using the Response Evaluation Criteria in Solid Tumors (RECIST)
criteria. As in previous studies**”, clinical benefit to treatment
was defined as complete or partial response while absence of clini-
cal benefit was defined as stable disease or progressive disease
(Methods). Reassuringly, patients with high genotype Pr were
>twofold less likely to receive clinical benefit from ICI treatment
(Fig. 3g). Moreover, this effect was even stronger in an independent
cohort containing patients with melanoma who were treated with
either PD-1 (ref. ) or CTLA-4 inhibitors (Extended Data Fig. 5a,b
and Methods).

Finally, we briefly examined whether HLA-I promiscuity shapes
disease progression in those patients who did not receive ICI ther-
apy. Melanoma samples in The Cancer Genome Atlas (TCGA)
were classified into high- and low-mutational-burden (TMB)
groups. High genotype Pr was found to be associated with reduced
progression-free survival in patients with high TMB (Extended
Data Fig. 5f), while progression-free survival was independent of
genotype Pr in patients with low TMB (Extended Data Fig. 5c).
This suggests that HLA-I promiscuity and TMB may jointly shape
disease progression in patients with melanoma. By contrast, HLA-I
promiscuity had no impact on the survival of NSCLC patients
regardless of the TMB level (Extended Data Fig. 5d,e,g,h). Clearly,
additional data will be needed to establish the prognostic effects of
HLA-I promiscuity on antitumor immunity.

HLA-I promiscuity is a major determinant of patient survival.
The relationship between the level of HLA-I promiscuity and sur-

vival remained significant or became even stronger when patients
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Fig. 1| Basic properties of HLA-I allelic promiscuity. a, Pr values for the 67 HLA class| alleles used in our study are shown in increasing order. b, Amino

acid diversity of self-peptides presented by the given allele on monoallelic cell
promiscuity present more diverse peptide sequences (n=31alleles). ¢, The fra

lines is shown as the function of allele promiscuity. Alleles with higher
ction of immunogenic neoepitopes bound by the given allele is shown

as the function of allele promiscuity. Binding was determined in vitro with Prolmmune REVEAL assays (n=11 alleles; see Methods for assay details).

d-f, The predicted fractions of bound neopeptides (d), human peptides identif

ied in immunopeptidomics studies (e) and viral peptides (f) are shown

as the function of HLA promiscuity (n=67 alleles in all panels). b-e, Spearman'’s coefficients and Pvalues of two-sided correlation tests are shown;
dashed lines indicate smooth curve fitted using the cubic smoothing spline method in R (Methods).

homozygous on any of the HLA-I loci were excluded from the anal-
ysis (Fig. 3d-f).

Similarly, the association between genotype Pr and patient sur-
vival remained significant when the analysis was iteratively repeated
with the exclusion of individuals carrying specific HLA alleles
(Supplementary Table 6). Hence, the impact of HLA promiscuity
on patient survival cannot be explained by a single, highly preva-
lent allele with peculiar peptide-binding properties. An additional
analysis revealed that the overall survival of patients carrying mul-
tiple promiscuous HLA-I alleles decreased, while that of patients
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carrying only one promiscuous HLA-I allele remained unaltered
(Extended Data Fig. 6a).

Based on the structural properties of the peptide-binding
regions, genetically related HLA-I alleles were previously classi-
fied into 12 supertypes that cover the majority of common HLA-A
and -B alleles”. Patients with melanoma who were carrying HLA-B
alleles belonging to the B44 superfamily were reported to have sig-
nificantly better survival after ICI treatment, but the reasons for this
remain unclear®. Notably, the association between patient survival
and B44 supertype is mainly due to specific HLA-B alleles such
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as B*18:01, B*44:02, B*44:03, B*44:05 and B*50:01. The four B44 Tumor mutational burden®, HLA-I heterozygosity* and HED®
alleles included in our analysis have particularly low Pr compared have previously been suggested as the determinants of response to
to other alleles (Extended Data Fig. 6b). ICI therapy. These features are expected to increase the diversity of
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neopeptides that can be presented on the surface of tumor cells™.
Genotype Pr showed no statistically significant relationship with
HED, HLA-I heterozygosity or TMB (Extended Data Fig. 6c-e).
Moreover, the negative association between genotype Prand patient
survival remained highly significant in a multiple Cox regression
model after controlling for these features (Fig. 3h). In particular,
TMB and genotype Pr appeared to be the strongest determinants
while HED and HLA-I heterozygosity had no significant effect
on survival in this model. This is in line with previous work
showing no association between HLA classI heterozygosity and
survival of patients with NSCLC who were receiving immu-
notherapy®. Furthermore, the impact of Pr on patient survival
remained after controlling for the effect of specific HLA-B super-
types B44 and B62, which have previously been associated with sur-
vival outcome* (Fig. 3h).

We next evaluated whether the low Pr of each HLA locus con-
tributes to improved survival. For this purpose, the mean Pr was
calculated for HLA-A, -B and -Cloci individually and also for com-
binations thereof. The promiscuity level of HLA-B was predictive
of survival outcome, but the negative association between genotype
Pr and patient survival becomes even stronger by the inclusion of
HLA-A and -C in univariate Cox models (Supplementary Table 7).
The prominent effect of HLA-B on patient survival might be
explained by the relatively high abundance of this molecule on the
cell surface relative to that of HLA-A and -C**'. Finally, genomic
analysis of cancer mutations in 165 patients revealed no significant
association between genotype Pr and the frequency of loss of het-
erozygosity events at any of the HLA-I loci (two-sided Wilcoxon’s
rank-sum test, P=0.64).

Neopeptide dissimilarity to the self-proteome and promiscuity.
We next asked whether the presentation of more diverse peptides
by promiscuous HLA-I molecules would result in a reduced capac-
ity to differentiate between human self-peptides and their mutated
counterparts (neopeptides). For this purpose we calculated the dif-
ferential agretopicity index*” (DAI), which is a broad indicator of
neopeptide dissimilarity from self and thereby a feature of immu-
nogenicity”. DAI estimates the difference between the predicted
affinity for the mutant peptide and the corresponding nonmutated
homologous peptide pair®. To gain insight into the effect of each
HLA-I molecule on discrimination of self and tumor peptides, we
employed a set of 589 experimentally verified tumor neopeptides
(Methods). For each HLA-I variant we calculated the median DAI
for neopeptides bound by the given HLA-I allele (Methods). A
strong negative association was found between median DAI and the
level of promiscuity for HLA-A and -B alleles, but not for HLA-C
alleles (Fig. 4a—c and Extended Data Fig. 7a,b).

It has previously been suggested that tumors carrying high-DAI
neopeptides are more susceptible to immune recognition and hence
should be responsive to ICI therapy”~. Therefore, the next impor-
tant question is how HLA-I promiscuity shapes the abundance
of potentially immunogenic, high-DAI neopeptides in patients
with cancer. For this purpose, we analyzed the cancer genomes of
139 patients with melanoma who had been treated with CTLA-4
inhibitors****. From the detected set of nonsynonymous mutations
in each cancer sample, we determined the complete set of neopep-
tides bound to at least one of the HLA-I alleles in the correspond-
ing patient (Methods). The median DAI for neopeptides showed
a significant negative association with genotype Pr (Fig. 4d), indi-
cating that the immunogenicity of neopeptides is contingent upon
HLA-I promiscuity level. As previously reported*>*, we also found
that higher median DALI is associated positively with patient sur-
vival (Fig. 4e). These results do not simply reflect differences in the
set of cancer mutations across patients. For each genotype, DAI
was calculated as the mean of allele-specific values determined on
a fixed set of 589 experimentally confirmed neopeptides, and the
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positive association between DAI and survival was found to remain
(Extended Data Fig. 7c). Together, these results indicate that patients
who carry promiscuous HLA-I alleles have a reduced capacity to
differentiate between self-peptides and the corresponding mutant
tumor neopeptides, with implications for patient survival®.

HLA-T promiscuity and T-cell tolerance. Immunogenic neopep-
tides need to have a strong binding affinity to HLA-I/T-cell recep-
tor complexes. However, when their nonmutated counterparts are
also presented by HLA molecules, the corresponding CD8" T cells
reactive to neopeptides are expected either to be removed by cen-
tral tolerance in the thymus or inhibited by peripheral tolerance™*.
Here we focus on the impact of HLA-I promiscuity on peripheral
tolerance, a mechanism ensuring that self-reactive T cells that have
not been eliminated by central tolerance in the thymus do not rec-
ognize self-peptides as foreign and initiate autoimmune reactions™.
However, an elevated level of T-cell tolerance in the tumor micro-
environment contributes to uncontrolled tumor growth**. We
hypothesized that, due to the reduced discrimination capacity of
self and tumor peptides in patients carrying high-Pr HLA-I alleles,
regulation of T cells in the tumor microenvironment is shifted from
activation to tolerance, yielding reduced capacity to eliminate can-
cer cells following ICI therapy.

To identify molecular and cellular signatures of T-cell toler-
ance in cancer samples, we focused on datasets from patients with
melanoma who had been treated with the anti-CTLA-4 antibody
ipilimumab”. A unique aspect of this dataset is that it combines
information on the transcriptome for a sufficient number of pre-
treatment cancer samples with the HLA genotype and disease pro-
gression of each patient.

We first performed a gene set enrichment analysis comparing
patients with high and low genotype Pr. Most notably, those genes
involved in the positive regulation of T-cell tolerance induction,
type 2 immune response, extracellular matrix secretion and macro-
phage induction were found to be upregulated in high-Pr cancer
samples (Fig. 5a). Similarly, those genes associated with the negative
regulation of T helper-1-cell-mediated immune response and CD4*
alpha-beta T-cell differentiation were expressed at higher levels in
high-Pr samples (Fig. 5a). These cellular processes are linked to the
induction of an immunosuppressive tumor microenvironment®*.
Specifically, macrophages inhibit effector immune responses and
stimulate angiogenesis*. Additionally, they skew typel immune
response (mediated by Thelper-1 cells) towards type2, which is
less effective against cancer cells**'. Remodeling of the extracellu-
lar matrix is essential for immune suppression and cancer progres-
sion*>*. Finally, the lower level of CD4" T-cell differentiation and
T-cell tolerance induction prohibits effective tumor destruction®*.

Next, by applying state-of-the-art immune deconvolution meth-
ods and recommendations from previous benchmark studies*, we
assessed the immune cell composition in these tumor samples*.
The analysis revealed an over-representation of cells associated
with immunosuppression in tumor samples derived from patients
with high genotype Pr (Fig. 5b), including regulatory T cells (Tregs),
cancer-associated fibroblasts, macrophages/monocytes and endo-
thelial cells. Tregs and macrophages produce immunosuppressive
mediators such as TGF-p, which downregulates effector immune
functions and induces the development and survival of Tregs®.
As expected, cancer samples from patients with high Pr displayed
increased expression of TGFBI encoding TGF-f (Fig. 5c). This is
notable because elevated TGF-f expression is associated with the
promotion of tumorigenesis*. Similarly, the gene FOXP3, encoding
a master regulator protein involved in the development and func-
tion of Tregs, was also highly expressed in these samples™ (Fig. 5¢).

T-cell costimulation is an essential step in the development of
T-cell tolerance or function®. Negative costimulatory molecules
inhibit T-cell activation at immune checkpoints, leading to T-cell
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Fig. 4 | HLA-I allelic promiscuity and differentiation capacity between neopeptides and corresponding nonmutated peptides. a-c, Relationship between
the promiscuity of HLA-A (a, n=32 alleles), HLA-B (b, n=50 alleles) and HLA-C (¢, n=21 alleles) alleles and median DAI for bound tumor neopeptides.
Higher HLA-A and -B promiscuity is associated with lower median DAl values, while there is no significant relationship between the two variables in the
case of HLA-C. d, In melanoma samples (n=139), neopeptides bound by promiscuous HLA alleles have a lower median DA e, Patients from Fig. 3a were
stratified into low- (n=41 patients), medium- (n= 81 patients) and high- (n=41 patients) genotype DAI groups based on the first and third quartiles of all
values. A higher median DAI was associated with better survival. A two-sided log-rank test Pvalue is shown. Between-group differences were also tested
for trend (Methods). Y axis indicates the probability of survival. a-d, Spearman'’s p and the associated Pvalues of two-sided correlation tests are shown;
dashed lines indicate a smooth curve fitted using the cubic smoothing spline method in R (Methods).

tolerance®. Consequently, the inhibitory immune checkpoint recep-
tor PD-1, as well as the coinhibitory receptors TIGIT and TIM3,
have established roles in promotion of tumor immune evasion**.
Genes encoding these three molecules displayed significantly ele-
vated expression in cancer samples with high Pr (Fig. 5d). It is well
known that TIM3 is especially abundant in FOXP3-expressing Treg
cells and macrophages®.

Irreversible dysfunction of Tcells is a common cause of non-
responsiveness to immune checkpoint blockade therapy™, and is
linked to the formation of an immunosuppressive tumor microenvi-
ronment”. Therefore, we next asked whether high-Pr HLA-I alleles
are associated with signatures of T-cell dysfunction. Remarkably,
we found that cancer samples with high Pr display high expres-
sion levels of genes encoding TOX, TOX2, T-bet and BLIMP1
(Fig. 5e). These transcription factors are critical for the progres-
sion and maintenance of T-cell dysfunction®>**. To investigate T-cell
dysfunction signatures in cancer samples more systematically, we
employed the Tumor Immune Dysfunction and Exclusion (TIDE)
method™. TIDE is a recently developed computational tool provid-
ing genome-wide scores of T-cell dysfunction and T-cell exclusion
signatures for each tumor, and can reliably predict ICI response.
Importantly, the dysfunction score describes the level of late-stage,
irreversible dysfunction of Tcells as reported by the authors™.
We found a positive correlation between genotype Pr and T-cell
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dysfunction score (Fig. 5f; Spearmans p=0.4, two-sided correla-
tion test P=0.03), but not between genotype Pr and T-cell exclu-
sion score (Spearman’s p=—0.1, two-sided correlation test P=0.6).
This suggests that HLA-I promiscuity level does not affect T-cell
infiltration directly, but rather it shapes the functioning of T cells in
the tumor microenvironment. Importantly, other clinically relevant
HLA-I-associated features, such as HLA-I heterozygosity, germline
HLA-I evolutionary divergence and specific HLA-I supertypes,
showed no association with T-cell dysfunction score (Extended
Data Fig. 8).

Taken together, these results indicate that cancer samples car-
rying highly promiscuous HLA-I alleles tend to display signatures
of an immunosuppressive tumor microenvironment and T-cell dys-
function, resulting in resistance to ICI therapy.

Discussion

HLA-I genes encode a critical component of the adaptive immune
system. The human genome contains six primary allelic vari-
ants encoded by HLA-A, -B and -C. Together, these alleles define
the set of individual peptides presented to Tcells'. The resulting
peptide repertoire—or immunopeptidome—substantially differs
across individuals due to the remarkable sequence variation in the
peptide-binding region of these genes. As a consequence, each allele
presents a distinct, and only partially overlapping, set of peptides.
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Fig. 5 | Association of high HLA genotype promiscuity with an immunosuppressive cancer microenvironment. a, Results of gene set enrichment analysis.
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for two-sided Wilcoxon's rank-sum tests are shown. b-e, In boxplots, horizontal lines indicate median, boxes indicate interquartile range and vertical lines

indicate first quartile -1.5x IQR and third quartile +1.5x1QR.

Moreover, HLA variants differ by orders of magnitude in the breadth
of peptides they can bind'*"". HLA-I alleles with promiscuous pep-
tide binding may be favorable in pathogen-rich environments'’, but
their role in anticancer immunity remains to be established.

To investigate this issue we first developed a computational tool
to systematically explore the sequence diversity of the peptide set
presented by different HLA-I molecules, and found that high HLA-I
promiscuity is associated also with enhanced diversity of tumor,
viral and self-immunopeptidomes (Fig. 1b,d-f). Next, we showed
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that patients with melanoma or NSCLC cancer and carrying HLA-I
alleles with high Pr display a significantly worse prognosis after
ICI immunotherapy (Fig. 3). This pattern is surprising, because
the breadth of bound peptides by HLA-I molecules is expected to
underlie a successful immunologic control of cancer. Therefore,
we next aimed to establish the deleterious side effects of elevated
HLA-I promiscuity level on anticancer immunity. Of note, tumor
mutational burden and HLA promiscuity level were the strongest
determinants in a multiple Cox regression model, while HED and
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HLA-T heterozygosity had no significant effect on overall patient
survival (Fig. 3h).

The stability of the peptide-HLA-I complex is a strong predictor
of antigen immunogenicity*'. In contrast to expectations, promiscu-
ous HLA variants tend to form more stable HLA-peptide complexes
(Fig. 2). This finding has important immunological implications
and should be further investigated in future research. On the other
hand, we found a strong negative association between the level of
promiscuity and the differential binding affinity of mutated neo-
peptides (Fig. 4). This suggests that the immune system of patients
with high Pr has a reduced capacity to discriminate self-peptides
from mutated tumor peptides.

We hypothesized that, as a consequence, regulation of T cells in
the tumor microenvironment is shifted from activation to toler-
ance, yielding a reduced capacity to eliminate cancer cells following
ICI therapy. In agreement with expectations, cancer samples from
patients with melanoma carrying promiscuous HLA-I alleles dis-
played molecular and cellular signatures of peripheral T-cell toler-
ance and an immunosuppressive tumor microenvironment (Fig. 5).
These signatures include increased prevalence of regulatory T cells
and other immunosuppressive cells in the tumor microenvironment
and elevated expression of genes encoding immune checkpoint
inhibitory receptors (PD-1), suppressive soluble mediators (TGF-f)
and master control genes involved in regulatory T-cell development
and maintenance (for example, FOXP3). Future work should eluci-
date the precise molecular pathways underlying these patterns. This
research will require a series of HLA transgenic mouse studies on
the role of promiscuity in T-cell-initiated immune response. The
impact of HLA-I promiscuity level on central tolerance and poten-
tial depletion of T cells in the repertoire in healthy individuals also
remains to be elucidated™.

In sum, high peptide-binding promiscuity could be a com-
mon feature of genetically diverse HLA-I variants associated with
reduced survival following ICI therapy. Therefore, this metric could
potentially be used for future clinical trials to identify genetic vari-
ables that affect antitumor immunity. Importantly, HLA promiscu-
ity is conceptually different from and statistically independent of
other, previously identified determinants driving response and
adverse effects of ICI immunotherapy*>'* (Extended Data Fig. 6¢c-e).
An important and unresolved issue is whether the impact of
HLA-I promiscuity level on clinical benefit is especially strong in
tumors with a high mutational burden. A preliminary analysis of
mismatch-repair-deficient and mismatch-repair-proficient patients
with colorectal cancer who were treated with PD-1 inhibitors™
indicates that this may indeed be so (Extended Data Fig. 5i,j). As
a consequence of defects in mismatch repair, cancer samples in
the former group have accumulated an especially large number of
somatic mutations, and high TMB was associated with prolonged
progression-free survival™. To increase the size of the dataset, we
focused on one important aspect of clinical benefit—that is, the
overall changes in tumor size after treatment. The analysis revealed
a significant negative association between genotype HLA-I Pr
and clinical benefit for patients with defects in mismatch repair
(Extended Data Fig. 5i). By contrast, Pr had no impact on clinical
benefit after treatment in patients with mismatch-repair-proficient
cancers (Extended Data Fig. 5j). This may indicate that TMB shapes
the association between HLA-I promiscuity and clinical benefit.
However, the number of patients in this study was rather limited,
and future studies are required to settle this issue.

Our work has several important implications for future stud-
ies. First, HLA classII molecules are known to drive antitumor
responses and tumor evolution in general®*°. Therefore, it is impor-
tant to establish how the functional diversity of HLA-II molecules
shapes the efficacy of ICI immunotherapy. Second, while the pre-
sentation of a broad range of viral peptides by promiscuous HLA-I
alleles could be favorable in terms of acute viral infections'®", our
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work indicates that such alleles impede antitumor immunity. In
other words, Pr could underlie a negative trade-off between anti-
tumor immunity and genetic susceptibility to viral infections. Why
is this so? Because viral peptides tend to display limited sequence
similarity to the human proteome***” (Extended Data Fig. 7d), pro-
miscuous HLA-I molecules present a wider range of viral epitopes
(Fig. 1f) without paying the cost of reduced discrimination between
self- and virus-derived peptides. Third, and on a related note,
promiscuous HLA-A and -B variants are especially widespread in
South-East Asia, possibly as a result of selection to withstand high
pathogen load'’. This pattern raises the possibility that there are
geographical differences in the genetic make-up shaping the effi-
cacy of cancer immunotherapy and antitumor immunity in general.
Finally, previous studies suggested that neoantigen immunogenic-
ity and quality—and not simply neoantigen quantity—determine
patient survival’®. Our work indicates that HLA-I peptide-binding
promiscuity shapes neoantigen immunogenicity, with implications
on the design of neoantigen vaccines™.

Methods

Calculation of peptide-binding specificity. Data on peptide-HLA classI
interactions and corresponding T-cell activation assays were downloaded from
The Immune Epitope Database®, as of 17 January 2019. Only peptides of length
8-12standard amino acids, and with positive major histocompatibility complex
binding and/or T-cell activation assays, were considered further. To ensure reliable
estimation of peptide-binding promiscuity, only HLA-I alleles with data on the
binding of at least 400 different peptides were analyzed further. This procedure
resulted in a total of 253,147 peptide-HLA-I interactions across 21 HLA-A,

31 HLA-B and 15 HLA-C alleles. HLA-I allelic promiscuity was calculated as
follows. Peptides were classified into discrete peptide sets according to their
amino acid length, and each set was analyzed separately (Extended Data Fig. 1a).
At each amino acid position, amino acid frequency distribution in the peptide
set was compared with that in the complete human proteome (downloaded from
UniProt®), using Kullback-Leibler divergence (Dy,). KL divergence is a standard
metric regularly used to measure the distance between two discrete probability
distributions (P and Q) and is calculated as follows:

Dxi () = ) P(xy)log (

xey

P(x, y) >
Q(x)

where P(x,y) denotes the frequency of amino acid x in the peptide set at amino
acid position y, while Q(x) denotes the frequency of the same amino acid in the
complete human proteome ( y is the set of 20 amino acids). Position-specific

Dy, (y) values were calculated by the Rtreemix R library. A constant value of 10~
was added to the frequency of all amino acids when a given amino acid had

zero frequency at the examined position. Finally, position-specific Dy, (y) values
were averaged across the full peptide length and for each peptide set, yielding
peptide-length-specific Dy, values. The more selective the binding of the HLA-I
allele at a given position, the higher the deviation between the two distributions,
resulting in higher Dy, . To control for any potential sample-size-associated biases,
raw Dy, values were normalized by subtracting Dy una)- Dxurang) 18 the average of
Dy, values based on the same number of randomly selected peptides with the same
length in the human proteome iterated 1,000 times. Normalized Dy, values show
no significant correlation with the number of input peptide sequences (Spearman’s
p=-0.08, P=0.23). Peptide-length-specific values were then averaged by
weighting with their relative proportion in the repertoire, yielding Dx; (Extended
Data Fig. 1b). HLA allelic Pr is defined as the reciprocal value of Dgy—that is,

Pr = 1/Dxy.. Prvalues do not change significantly when using Q(x) derived from
the proteomes of bacterial or viral species rather than from the complete human
proteome (Extended Data Fig. le,f). Computer simulations also showed that Pr
can be reliably inferred using the above-defined threshold of peptide number per
HLA allele (Extended Data Fig. 1¢,d). Of note, KL divergence, which measures the
discrepancy between two probability distributions, is conceptually related to the
Shannon entropy index®. As expected, Pr values based on Shannon entropy index
and KL divergence show a strong positive correlation with each other (Spearman’s
p=0.86,P<2.2x107%).

Experimental analysis of HLA-I neoepitope binding affinity. HLA-I cancer
neopeptides were collected from the TANTIGEN database'® (Supplementary
Table 1). Epitopes with >50% sequence identity were excluded using an iterative
method'’, resulting in 29 peptide neoepitopes. Importantly, 22 peptides were
previously shown to elicit a cytotoxic T-cell response in vitro while seven were
found to be recognized by tumor-infiltrating lymphocytes in vivo'. Each
peptide was synthesized and its binding affinity towards a preselected set of

11 HLA-I variants was tested using the in vitro HLA classI REVEAL binding
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assay (Prolmmune Ltd.). The binding assay determines the capability of each
candidate peptide to bind to one or more HLA class I alleles by assessing its ability
to stabilize the HLA-peptide complex. For each allele, the binding of the tested
peptides is scored relative to that of a corresponding high-affinity T-cell epitope
(Supplementary Table 1). Of note, our experimental assay could confirm 21 of

22 HLA-peptide associations reported in previous studies.

Experimental analysis of peptide-HLA complex assembly and stability.

All peptide-HLA-I pairs with a positive outcome in the HLA classI REVEAL
binding assay were studied further. The assembly and stability of 66 putative
peptide-HLA complexes were measured using complete rate assays (Prolmmune
Ltd). The fraction of assembled complexes was measured at six different time
points over 48 h. After fitting the values to a one-phase association equation, the
half-life needed to reach the maximum of assembled complexes was calculated
and reported as the on-rate of the studied peptide-HLA complex. Stability of the
complexes was measured using off-rate assays, which measure the fraction of
denaturated complexes at six different time points over 24 h. These values were
fitted to a one-phase denaturation equation and the half-life of complexes was then
calculated. For on- and off-rate values, see Supplementary Table 8.

Computational prediction of HLA binding affinity and complex stability. Using
published information'**-”, we compiled datasets of (1) 1,929 experimentally
verified neopeptides, all of which are known to have high binding affinity

to certain HLA alleles (Supplementary Table 2); (2) 212,090 HLA-I-bound
self-peptides identified in a range of immunopeptidomics studies (Supplementary
Table 4); and (3) 9,544 viral peptides (Supplementary Table 3) acquired from a
dataset published by Ogishi and Yotsuyanagi®®. The binding affinity of each peptide
to the 67 HLA alleles was calculated using the NetMHCpan-4.0 algorithm™. Raw
binding affinity values substantially vary across alleles’, but can accurately
estimate peptide repertoire size'’. Therefore, as described above, peptide repertoire
size—that is, percentage of the predicted binders from a fixed set of tested
peptides—was calculated using a binding affinity threshold of 500 nM. The stability
of complexes between HLA alleles and bound neopeptides was determined

using the NetMHCstabpan-1.0 algorithm™, with the option of excluding

previous information on exact binding affinity values (half-maximal inhibitory
concentration). The half-life of the peptide-HLA complex (in hours) was used as a
proxy for peptide-HLA complex stability.

Calculation of peptidome diversity from mass spectrometry studies. The
accuracy of Pr estimates was tested using mass spectrometry immunopeptidomes
derived from monoallelic cell lines'®"”. For each HLA classI allele with appropriate
peptidome data, sequence diversity of the identified peptides was measured by the
Shannon entropy index.

Analysis of ICI-treated and treatment-naive patients. Data were collected on
published cohorts of patients with melanoma and who were treated with CTLA-4
inhibitors****, melanoma treated with PD-1 inhibitors* and NSCLC treated

with PD-1 inhibitors”. Patients with zero follow-up time were excluded from

the anti-PD-1-treated melanoma cohort. Information on HLA genotype, loss of
HLA heterozygosity and cancer mutational burden in these patients was derived
from ref. *. Treatment and mutational burden data on patients of TCGA were
downloaded from the NCI Genomic Data Commons portal” and cBioPortal™,
respectively. Progression-free interval and HLA genotype data were acquired

from refs. 77, respectively. The independent melanoma cohort in Extended Data
Fig. 5a,b contains the ipilimumab-naive, anti-PD-1-treated patients of ref. * and
ipilimumab-treated patients with melanoma of TCGA. Genotype-level HLA
promiscuity (or genotype Pr) was determined by calculating the mean of Dy,
values across all HLA-A, -B and -C alleles of the patient and taking the reciprocal
value. For patients with a single HLA allele with no appropriate allelic Pr data,

a standard imputation technique was involved by replacing the missing Pr with

the median of that variable for all other cases. This protocol has the benefit of not
changing the sample median for Pr, and it enlarges the dataset, but it has no impact
on the association between survival and Pr. Patients having at least two HLA alleles
with unknown allelic Pr were excluded from the analysis.

Data on HED were derived from a study by Chowell et al.”. Survminer and
Survival Rlibraries were used for statistical analysis of patient survival. The effect
of genotype Pr on survival was tested with the log-rank test and by the ggsurvplot
function of the Survminer Rlibrary, and the results were visualized by Kaplan-
Meier curves. Patients in each cohort were classified into Pr groups using a fixed
cutoff. This cutoff was determined after merging the three separate cohorts and
with an established Pvalue minimization approach implemented in the Survminer
Rlibrary. Survival curves of cohorts classified into more than two groups were
also tested for ordered differences, as implemented by the Survminer Rlibrary.
Cox regression models were generated using the coxph function of the Survival
Rlibrary. The proportional hazard assumption for the Cox regression model fit
was tested with the cox.zph function of the Survival library. The forest plot for
multivariate Cox models was generated with the forestmodel Rlibrary. Data on
RECIST classification and clinical benefit were acquired from refs. *~*** and the
NCI Genomic Data Commons portal”.
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Calculation of DAI. Using published information'**-*" we compiled a dataset
of experimentally verified neopeptides, all of which are known to have high
binding affinity to certain HLA alleles (Supplementary Table 2). To reach the
best prediction accuracy using the NetMHCpan-4.0 algorithm*»*, the analysis
focused on peptides with a length of nine amino acids. Using an established
method'’, neopeptides with >50% sequence identity were excluded, resulting
in 589 neopeptides. Similarly to a previous study*, each neopeptide was aligned
against the nonmutated human proteome using BLAST+2.10.0 (ref. ”°). The
closest hit was retrieved, and BLOSUMG62 sequence similarities were calculated
using an established method’. The binding affinity of each neopeptide and the
corresponding nonmutated human peptide to each of the 32 HLA-A, 50 HLA-B and
21 HLA-C alleles” was calculated using NetMHCpan-4.0 (ref. **). For each peptide—
HLA-I pair, DAI values were calculated as previously reported™. For each HLA
allele, the median DAI value was calculated across all neopeptides with significant
binding to the given HLA variant. We used a 2% binding rank percentile cutoff
to identify these neopeptides, because percentile rank minimizes the fraction of
false-positive hits*’. The use of percentile rank was crucial, because we aimed to
focus on calculating DAI for the most reliable candidate peptides. In all other
respects, our DAI calculation was fully consistent with that of an earlier study™.
DAI values were also determined for neopeptides in 139 melanoma samples
derived from two immunotherapy cohorts****. Genomic data on missense
mutations in protein-coding genes were acquired from cBioPortal’. The
corresponding mutated proteins were identified using the reference human
proteome (downloaded from UniProt database®’, as of 9 January 2020). Using these
protein data, all possible mutated peptide segments of length 8-12amino acids
were determined in each sample. Binding affinity and DAI values of each mutated
peptide to each HLA classI allele of the patient were calculated as above.

Transcriptome analysis of melanoma cancer samples. Normalized
RNA-sequencing expression data of cancer samples derived from patients with
anti-CTLA-4-treated melanoma® and with established HLA-I genotype were
downloaded from cBioPortal”>. Immune deconvolution analysis was carried

out following recommendations by Sturm and colleagues* and using the
immunedeconv Rlibrary*. As reccommended*, we used the EPIC algorithm’

for endothelial cells and cancer-associated fibroblasts, MCP-counter’” for
macrophages/monocytes and quanTIseq™ for regulatory CD4* T cells.
Precalculated TIDE dysfunction and exclusion score values were acquired from the
TIDE server™. Gene set enrichment analysis was carried out with the GSEA 4.0.3
(ref. *') software using 1,000 permutations, a weighted enrichment statistic and
exclusion of gene sets with fewer than five genes. Gene sets of biological processes
as reported by the Gene Ontology Consortium® were included in the analysis.
Gene sets enriched with P<0.001 and false discovery rate (FDR) <0.1 were
treated as significant.

Statistics and reproducibility. Published data on established cohorts of cancer
patients were used, and thus statistical analysis was not carried out to predetermine
sample size (the number of individuals in each cohort is reported in the text and/
or figures). Similarly, randomization of patients has already been carried out

in previous studies. We used retrospective cohorts of patients with cancer and
validated our findings on independent cohorts. We excluded patients with zero
follow-up time from the anti-PD-1-treated melanoma cohort, since these could
have biased the analysis. Patients having at least two HLA alleles with unknown
allelic Pr were also excluded from every cohort in the study, since genome-level Pr
values could not be accurately calculated for these patients. Statistical analyses and
visualization were carried out using Rv.3.6.3 (http://www.r-project.org) under the
RStudio 1.2.5033 environment. Smooth curves on plots were fitted with the cubic
smoothing spline method®.

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

Data availability

Previously published clinical datasets that were reanalyzed here are available at
refs. 2228 The following databases were used in the study: the Immune Epitope
Database, https://www.iedb.org/; TANTIGEN database, http://projects.met-hilab.
org/tadb/; the Cancer Genome Atlas, https://portal.gdc.cancer.gov/; cBioPortal,
https://www.cbioportal.org/; UniProt database, https://www.uniprot.org/.
Precalculated data on T-cell dysfunction were downloaded from the TIDE server,
http://tide.dfci.harvard.edu/. Source data are provided with this paper. All other
data supporting the findings of this study are available from the corresponding
author on reasonable request.

Code availability
The code for HLA allele promiscuity calculation is available at https://github.com/
matemanc/hla_promiscuity.
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Extended Data Fig. 1| See next page for caption.

NATURE CANCER | www.nature.com/natcancer


http://www.nature.com/natcancer

NATURE CANCER ARTICLES

Extended Data Fig. 1| Calculation and reliability of HLA allele promiscuity. a, D,, values were calculated for each peptide length group separately

(see Methods for details) and (b) the weighted mean of length-specific values was determined. ¢, d, The number of identified peptide sequences bound
by a given HLA allele is variable, which may have a significant effect on the calculated Kullback-Leibler (KL) divergence values. To test whether KL divergence
can be reliably determined using a minimal peptide sequence number of 400, we first selected HLA alleles with many (more than 1000) identified
peptides (n="51 alleles). After randomly selecting 400 sequences from the repertoire of each allele, we calculated KL divergence as explained in the
Methods section. We iterated this process 1000 times and compared the Pr values with those calculated using the full dataset. Panel c indicates the
distribution of Spearman'’s p values and the two-sided correlation test P values. d, An example plot indicating the relationship between promiscuity values
calculated with either 400 random or all peptides bound by a given allele (n="51 alleles). e, f, The calculated promiscuity values are independent of the
reference amino acid (AA) distribution used during calculation (Q on panel a). The Pr values showed strong correlation when calculated using (e) human
and viral or (f) human and bacterial reference AA distributions (Spearman'’s p: 0.99, two-sided correlation test P < 2.2 x107% for both comparisons, n=67
alleles on both panels). On plots d to f, dashed lines indicate a smooth curve fitted using cubic smoothing spline method in R (see Methods).
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Extended Data Fig. 2 | Sequence diversity of peptides presented by HLA class | alleles. Amino acid preference was determined at different peptide
positions bound by each of the 67 investigated HLA class | alleles. Sequence logos were visualized for 9 amino acid long peptides only®*. Alleles are
ordered according to their promiscuity level. The vertical axes indicate the information content of the given position in bits. The relative sizes of characters
are proportional to their frequency at the given position.
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Extended Data Fig. 3 | The relationship between HLA allele promiscuity and (a, b) the diversity of presented peptides or (c-e) fraction of bound
neoepitopes. a, b, We found a strong correlation between the HLA allele promiscuity and sequence diversity of peptides eluted from the surface of
monoallelic cell lines in studies by (a) Abelin et al. (n=16 alleles) and (b) Di Marco et al. (n=15 alleles). c-e, The relationship between the promiscuity of
(e) HLA-A (n=21alleles) (d) HLA-B (n=31alleles) and (e) HLA-C (n=15 alleles) alleles and the predicted fraction of bound neopeptides. The variance of
allele promiscuity is shown on panels ¢ to e. On all plots, Spearman’s p and the corresponding two-sided correlation test P values are indicated and dashed
red lines indicate a linear regression line.
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Extended Data Fig. 4 | Distribution of genotype Pr in cancer immunotherapy cohorts. The density of genotype Pr is shown for (a) all patients (n=316),
(b) melanoma patients treated with CTLA-4 inhibitors (n=164), (¢) non-small cell lung cancer (NSCLC) patients treated with PD-1 or PD-L1 inhibitors
(n=74) and (d) melanoma patients treated with PD-1 or PD-L1 inhibitors (n=78). Dashed black vertical lines represent the 25" and 75 percentile values,
while dashed red vertical lines represent the fixed genotype Pr cutoff of 2.076 used for patient classification.
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Extended Data Fig. 5 | See next page for caption.
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Extended Data Fig. 5 | The effect of HLA promiscuity on response to ICl therapy and survival of treatment naive patients. a, b, Response to ICl therapy
in an independent melanoma cohort. Patients were stratified into low (n= 20 patients) and high (n=11 patients) promiscuity groups using the same cutoff
as in Fig. 3. On the boxplot, the P value of a two-sided Wilcoxon's rank-sum test is indicated. Vertical lines indicate median, boxes indicate the interquartile
range (IQR), horizontal lines indicate 1% quartile - 1.5 X IQR and 3" quartile + 1.5 x IQR. On the pie chart, the P value of a two-sided Fisher's exact test is
shown. c-h, The relationship between HLA promiscuity and progression-free survival of treatment naive melanoma (c and f) and NSCLC patients (d, e, g
and h). Similarly to previous studies®, patients were classified into low (c to ) and high (f to h) mutational burden cohorts using the median as a cutoff. In
each cohort, patients were classified into low and high promiscuity groups using the median as a cutoff. Two-sided log-rank test P values are shown. The
vertical axes indicate the probability of progression-free survival. LUSC: lung squamous cell carcinoma; LUAD: lung adenocarcinoma. i, j, The relationship
between HLA-I genotype Pr and changes in tumor size after anti-PD-1 treatment in mismatch repair deficient (i, n=10) and proficient (j, n=11) cancer
patients. Patients were stratified into low and high genotype Pr groups using the median value as a cutoff. P values indicate the outcome of two-sided two-
sample T-tests. On boxplots, vertical lines indicate median, boxes indicate the interquartile range (IQR), horizontal lines indicate 1 quartile - 1.5 x IQR and
3 quartile + 1.5 X IQR.
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Extended Data Fig. 6 | HLA-I promiscuity is a major determinant of patient survival. a, Carrying a single promiscuous HLA-I allele has no impact on
survival. The patients in Fig. 1a to c were classified based on the number of promiscuous alleles in their genotypes. Alleles with promiscuity levels in the
top quartile were considered to be promiscuous. Two-sided log-rank test P values are shown. In the second analysis, between-group differences were
also tested for trend (see Methods). The vertical axes indicate the probability of survival. b, HLA alleles belonging to the B44 supergroup have low
promiscuity. B44 alleles are highlighted in blue and have significantly lower promiscuity than alleles not belonging to this group (two-sided Wilcoxon's
rank-sum test P: 0.049). c-e, No significant association between HLA-I genotype Pr and (¢) HLA homozygosity, (d) HLA-I evolutionary divergence (HED),
(e) mutational burden. All patients from Fig. 3a to c were included in these analyses. ¢, There was no significant difference in genotype Pr between fully
HLA heterozygous patients (n=251) and the ones homozygous for at least one HLA-I locus (n= 65 patients). The P value for a two-sided Wilcoxon's
rank-sum test is indicated. Similarly, there was no significant association between (d) genotype Pr and mean HED (Spearman'’s p: —0.02, two-sided
correlation test P=0.77, n=316 patients) and (e) genotype Pr and tumor mutational burden of cancer immunotherapy patients (Spearman'’s p: 0.02,
two-sided correlation test P=0.77, n=316 patients). Dashed red lines indicate a smooth curve fitted using the cubic smoothing spline method in R

(see Methods). On the boxplot, horizontal lines indicate median, boxes indicate the interquartile range (IQR), vertical lines indicate 1% quartile - 1.5 x IQR
and 3 quartile + 1.5 x IQR.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | The relationship between genotype Pr and DAI. a, The median and variance of DAl in different allele promiscuity groups. Alleles
were grouped based on the 3" quartile as a cutoff (n=26 and 77 alleles in the high and low promiscuity group, respectively). High allele promiscuity was
associated with lower median DAI, but it had no significant effect on the coefficient of variation. P values of two-sided Wilcoxon's rank-sum tests are
shown. On the boxplots, horizontal lines indicate median, boxes indicate the interquartile range (IQR), vertical lines indicate 1 quartile - 1.5 x IQR and

3 quartile + 1.5 X IQR. b, The number and fraction of HLA-bound neopeptides in different DAl value ranges. The binding of 589 neopeptides to 103 HLA
alleles was determined and DAI values were calculated for each neopeptide-human self-peptide pair. Alleles are shown in increasing order of promiscuity.
For each allele, the fraction of peptide pairs belonging to different DAl categories is shown color-coded. ¢, The effect of genotype DAl on survival when
determined as the average of allele-specific DAl values. Patients were stratified into groups using the 25t and 75 percentile of all values as cutoffs. A
two-sided log-rank test P value is shown. Between-group differences were also tested for trend (see Methods). The vertical axis indicates the probability
of survival. Higher genotype DAI value was associated with better survival. d, The maximum BLOSUM®62 sequence similarity of neopeptides (n=589) and
immunogenic viral (n=1038) peptides to the non-mutated human proteome. Only nine amino acid-long peptides were included in this analysis. P value of
a two-sided Wilcoxon's rank-sum test is indicated. On boxplots, horizontal lines indicate median, boxes indicate the interquartile range (IQR), vertical lines
indicate 1*t quartile - 1.5 x IQR and 3 quartile + 1.5 x IQR.
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Extended Data Fig. 8 | The effect of HLA-associated features on TIDE dysfunction score. a, The TIDE dysfunction score is shown as a function of HLA
evolutionary divergence. There was no relationship between the two variables (Spearman'’s p: —0.01, two-sided correlation test P=0.96, n=35 samples).
Similarly, neither HLA homozygosity (b) nor the carrier status for B44 (¢, n=17 and 18 samples in B44 positive and B44 negative groups, respectively) or
B62 (d, n=5 and 30 samples in B62 positive and negative groups, respectively) supertype alleles affected the TIDE dysfunction score. P values indicate
two-sided Wilcoxon's rank-sum test results. On plot a, the dashed red line indicates a linear regression line. On boxplots, horizontal lines indicate median,
boxes indicate the interquartile range (IQR), vertical lines indicate 1%t quartile - 1.5 x IQR and 3™ quartile + 1.5 x IQR.
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