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Abstract

Computational prediction of binding between neoantigen peptides and major
histocompatibility complex (MHC) proteins can be used to predict patient response to cancer
immunotherapy for immune-checkpoint blockade (ICB) therapies. Current neoantigen predictors
focus on in silico estimation of MHC binding affinity and are limited by low predictive value
(PPV) for actual peptide presentation, inadequate support for rare MHC alleles, and poor
scalability to high-throughput data sets. To address these limitations, I developed MHCnuggets,
a deep neural network method that predicts peptide-MHC binding. MHCnuggets can predict
binding for common or rare alleles of MHC class I or II with a single network. Using a long
short-term memory (LSTM) network, MHCnuggets accepts peptides of variable length and is
faster than other methods. MHCnuggets yields a 4-fold PPV improvement when tested with
MHC-bound peptide (HLAp) data. MHCnuggets’ was next used to explore [CB-treated patients’
mutation-associated neoantigen (MANA) and immunogenic mutation (IMM) profiles. I found
that responding tumors harbored a significantly higher HLA class II IMM burden for both
melanoma and Non-Small Cell Lung Cancer (NSCLC) (P<9.6e-3). HLA class II IMM burden
was correlated with longer survival. HLA class I and II IMMs were largely distinct, suggesting a
complementary role for class II IMMs in tumor rejection. A higher HLA class 11 IMM burden
was associated with CD4" T-cell infiltration. In addition, I found distinct sex-based
immunogenomic landscapes in NSCLC: TMB, class I IMM load, class II IMM load, and

mutational smoking signature were significantly higher in female responding tumors as
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compared to female non-responding tumors (P<0.005). In contrast, among males, there was no
significant association between durable-clinical benefit and any of these features. When IMM
was considered in the context of HLA zygosity, high MHC-II restricted IMM load and high HLA
class II diversity was significantly associated with overall survival in males (p=0.017). Such
results indicated that inherent sex-driven differences in immune surveillance affect the
immunogenomic determinants of response to ICB and likely mediate the dimorphic outcomes
with ICB therapy. Taken together, my thesis work used computational methods to provide more
precise patient stratification in immune oncology based on patients’ genomic and neoantigen

profiles.
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CHAPTER 1 INTRODUCTION

Chapter 1 Introduction

1.1 The need of mutation associated “neoantigens” (MANA) presentation

prediction in immune checkpoint blockade (ICB) treatments.

The presentation of peptides bound to major histocompatibility complex (MHC) proteins
on the surface of antigen-presenting cells and subsequent recognition by T-cell receptors is
fundamental to the mammalian adaptive immune system. Neoantigens derived from somatic
mutations are targets of immunoediting and drive therapeutic responses in cancer patients treated
with immunotherapy [1, 2]. Because experimental characterization of neoantigens is both costly
and time-consuming, computational methods have been developed to predict peptide—MHC
binding and subsequent immune response [3, 4]. Supervised neural network machine learning
approaches have performed the best [5-7] and are the most widely used in silico methods.
Despite advances in computational approaches, improvements in predictive performance have
been minimal, due in part to a lack of sufficiently large sets of experimentally characterized
peptide binding affinities for most MHC alleles.

Although neoantigen prediction for common MHC class I alleles is well studied [8],
predictive accuracy on rare and less-characterized MHC alleles remains poor[9, 10]. Class II
predictors are scarce [11]. Current estimates suggest that class II antigen lengths primarily range
from 13 to 25 amino acids [12], and this diversity has been an obstacle to developing in silico
neoantigen predictors [11, 13]. As most neural network architectures are designed for fixed-
length inputs, methods such as NetMHC [14-17]and MHCAlurry [18] require preprocessing of

peptide sequences or training of separate classifiers for each peptide length.
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Clinical application of MHC—peptide binding predictors, to identify biomarkers for
cancer immunotherapy, requires scalability to large patient cohorts and low false-positive rates
[19]. A cancer may contain hundreds of candidate somatically altered peptides, but few will
actually bind to MHC proteins and elicit an immune response [20]. For many years, most
neoantigen predictors were trained primarily on quantitative peptide-MHC binding affinity data
from in vitro experiments [21]. Advances in immunopeptidomics technologies have enabled the
identification of thousands of naturally presented MHC-bound peptides (HLAp) from cancer
patient samples and cell lines [19, 22]. Several neoantigen predictors are trained only on HLAp
data for class I, and only for a limited number of peptide lengths [21, 23]. The EDGE neural
network is trained primarily on multiallelic HLAp and RNA sequencing (RNA-seq) data from 74
cancer patients; ForestMHC is a random forest trained on HLAp from publicly available
monoallelic and deconvoluted multiallelic cell lines. The potential to improve neoantigen
predictors by integrating binding affinity and HLAp data [19] has motivated hybrid approaches
[14, 18]. However, most methods predict more candidate neoantigens than are immunogenic in

patients [11, 19].

1.2 MHCnuggets, a deep learning-based solution for computational

neoantigen predictions

To address above mentioned limitations, I developed MHCnuggets, an open-source deep
neural network method that predicts peptide-MHC binding. MHCnuggets can predict binding for
common or rare alleles of MHC class I or II with a single neural network architecture. Using a
long short-term memory network (LSTM) [24], MHCnuggets accepts peptides of variable length

and does not require lengthening or shortening heuristics of peptides. By leveraging transfer
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learning and allele clustering, rare allele predictions can be handled automatically. MHCnuggets
was built based on parallel computing frameworks and is fast in both training and prediction
processes. When compared to methods that integrate binding affinity and MHC-bound peptide
(HLAp) data from mass spectrometry, MHCnuggets yields a fourfold increase in positive
predictive value on independent HLAp data. To demonstrate MHCnuggets’ utility in clinical
settings, I applied MHCnuggets to large patient cohorts in The Cancer Genome Atlas (TCGA).
Although these patients were not ICB-treated, HLA class | MANA and immunogenic mutation
(IMM) landscape identified through MHCnuggets prediction showed positive correlation with
lymphocyte infiltration in 6,613 patients from 26 tumor types. With these findings, I, next,
applied MHCnuggets to ICB-treated cohorts to help shed light on mechanisms of patient
response and aim to achieve more precise immunotherapy patient stratification based on their

MANA profile.

1.3 Explore HLA class II immunogenic mutation burden as a predictor of ICB

treatment response through a rank system extension of MHCnuggets.

Tumor mutational burden (TMB) has emerged as a biomarker for cancer treatments,
particularly immune checkpoint blockade (ICB) treatments in solid tumors, but it remains an
imperfect biomarker of response [25]. Nuanced approaches that focus on the quality rather than
the quantity of mutations harbored in coding regions of the tumor genome are therefore needed
to enhance the predictive value of TMB [26-31]. In the immunotherapy setting, previous efforts
have focused on investigating the value of HLA class I neoepitope burden in predicting clinical
outcomes with ICB [32-34]. Preclinical studies have shown that CD4+ T-cell neoepitope

vaccination induced complete tumor rejection, tumor microenvironment (TME) re-shaping and
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antigen spread [35]. Furthermore, tumor rejection in the context of immunotherapy has been
shown to require the activity of both antigen specific CD8+ and CD4+ T-cells, suggesting the
non-overlapping but complementary role of HLA class I and class II restricted neoantigens [36].
Here, I used computational approaches to assess HLA class Il immunogenic mutation (IMM)
burden in patients with melanoma and lung cancer treated with ICB.

First, I established immunogenicity criteria for predicted neoantigens. Rank systems of
neoantigen binding affinities have previously been shown to overcome affinity distribution
variabilities across HLA alleles and have achieved better binding prediction performance [37,
38]. Here, I extended the MHCnuggets framework by implementing an HLA affinity ranking
system. Next, I applied this approach to define and to evaluate the role of HLA class II
immunogenic mutation (IMM) burden in four independent cohorts of patients with non-small
cell lung cancer (NSCLC) and melanoma treated with immunotherapy. I further integrated HLA
class II IMMs with HLA germline variation, tumor clonal architecture and investigated the tumor

microenvironment composition of tumors harboring a high class II IMM burden.

1.4 Sex-dimorphism assessed through ICB-treated patients’ immunogenomic

landscape powered by MHCnuggets’ neoantigen analyses.

Several recent meta-analyses of immunotherapy clinical trials have suggested a decreased
magnitude of benefit for [CB monotherapy in female patients as compared to male patients
across multiple cancer types, including non-small cell lung cancer (NSCLC) [39-44]. A meta-
analysis by Conforti et al. included six randomized trials with single- or dual-agent PD-1/PD-L1
inhibitors in NSCLC, including 3482 patients, and reported a greater magnitude of benefit in

males with a pooled hazard ratio (HR) of 0.72 (95% CI 0.61-0.86) compared to a lack of
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significant benefit in females with a pooled HR of 0.89 (95% CI (0.71-1.11) [39]. In all trials the
HR for death was lower for males than females, and in three NSCLC trials [45-47] the HR
demonstrated a significant benefit only for male and not for female patients. Interestingly,
subsequent analysis has demonstrated that females have significantly increased magnitude of
benefit from combinations of chemo-immunotherapy [48], and females experience higher rates
of immune-related adverse events after immunotherapy for NSCLC and melanoma, as compared
to males [49, 50]. Together, the data highlight the significant yet incompletely understood impact
of sex on outcomes following ICB therapy in multiple tumor types and treatment settings. These
findings have spurred interest in investigating the underlying mechanisms potentially mediating
this sex dimorphism in therapeutic response in the context of immunotherapy.

Inherent differences in the male and female immune response are likely central to the
observed sex dimorphism in ICB response. Females demonstrate increased humoral and cell-
mediated responses to antigenic stimulation, vaccination, and infection, and there exists a strong
female predominance of autoimmune diseases[51, 52]. Females demonstrate increased CD8+ T
lymphocyte activity and IFNy production as compared to males, and tumors in females
demonstrate enrichment of nearly all T cell subpopulations in the tumor microenvironment [53,
54]. Furthermore, estrogen signaling has been demonstrated to modulate the tumor immune
microenvironment, tumor antigen presentation, immune checkpoint expression, and intratumoral
lymphocyte infiltration [55, 56]. Given these well-established differences in immune responses
of males and females, I hypothesized that there are sex-based differences in tumor-intrinsic
features that have been shaped by the immune system during tumor evolution and

immunoediting, which are reflected in differential clinical outcomes following ICB therapy.
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The therapeutic efficacy of ICBs relies on augmentation of the anti-tumor immune
response, mediated by presentation of tumor-specific neoantigens primarily by major
histocompatibility complex (MHC) class I proteins, along with multiple co-stimulatory signals,
and resultant CD8+ effector cell activation. Recent studies have also shown the importance of
accounting for HLA class II restricted neoantigens and IMMs when understanding efficacy of
immune checkpoint blockade [36]. Additionally, the ability to present a mutation-associated
neoantigen is dependent on HLA genetic variation, decreased HLA genetic variation may lead to
immune escape and suboptimal responses to ICB therapy [25, 57].Taken together, I considered
all the above factors in two non-small cell lung cancer (NSCLC) cohorts to assess sex-

dimorphism in ICB response through intrinsic immunogenomic landscapes
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Chapter 2 MHCnuggets

Here, I present a neoantigen predictor designed for MHC class I and II alleles in a single
framework. The method leverages transfer learning and allele clustering to accommodate both
common, well-characterized MHC alleles and rare, less studied alleles. Although existing
computational neoantigen predictors generate a ranked list of candidate peptides, maximizing the
number of predictions that identify immunogenic peptides would be preferred in many
applications [18]. I demonstrated that MHCnuggets’ predictive performance is competitive with
widely used methods on binding affinity benchmark data sets. In comparison with hybrid
methods that integrate binding affinity and HLAp data, MHCnuggets shows fewer false positives
and increased positive predictive value (PPV) in a held-out cell line data set of ligands identified
by mass spectrometry [22, 58]. To demonstrate the clinical utility and applicability of
MHCnuggets to large patient cohorts, I investigated candidate immunogenic mutations from 26
tumor types in The Cancer Genome Atlas (TCGA). MHCnuggets yielded 101,326 predicted
immunogenic missense mutations (IMM), observed in at least 1 individual (out of 1,124,266) in
less than 2.3 hours. These mutations were correlated with increased lymphocyte infiltration;
however, only 0.16% were observed in more than 2 patients. This chapter is based on published
work in Shao ef al. 2020 [31], further information and data are available at

https://do1.org/10.1158/2326-6066.CIR-19-0464.
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2.1 Computation implementation

2.1.1 Deep learning neural network architecture

MHCnuggets uses an LSTM neural network architecture [24](Fig. 2.1A). LSTM
architectures excel at handling variable length sequence inputs and can learn long-term
dependencies between noncontiguous elements, enabling an input encoding that does not require
peptide shortening or splitting (Figure 2.1B). LSTMs are capable of handling peptides of any
length. In practice, a maximum peptide length should be selected for network training. I set
maximum peptide input length of 15 for class I and 30 for class II, for computational efficiency
purposes. These values cover the majority of lengths observed in naturally presented MHC-
bound peptides [12]. Peptides that are less than the maximum length are padded at the end with a
character (“Z” which is not in the amino acid alphabet) until they reach the maximum length
(Figure 2.1B). Peptides were represented to the network as a series of amino acids; each amino
acid was represented as a 21-dimensional smoothed, one-hot encoded vector (0.9 and 0.005
replace 1 and 0, respectively).

In addition, MHCnuggets architectures can be trained using either continuous binding
affinity measurements from in vitro experiments (half maximal affinity or IC50) and/or
immunopeptidomic (HLAp) binary labels. For each MHC allele, I trained a neural network
model consisting of an LSTM layer of 64 hidden units, a fully connected layer of 64 hidden

units, and a final output layer of a single sigmoid unit (Figure 2.1A).
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Figure 2.1 MHCnuggets architecture (A) A network is trained for each MHC allele. Each network has a LSTM
layer with 64 hidden units, a Fully Connected (FC) layer with 64 hidden units and a final output layer of a single
sigmoid unit. (B) Input scheme for peptides with variable lengths. MHCnuggets architecture is capable of handling
peptides of any length, but in practice a maximum length should be selected. Peptides are extended with padding
until they reach the maximum length, prior to input into the neural network. The example shows padding for class II
peptides with maximum length set to 30 amino acids. (C) Transfer learning protocol for parameter sharing among
alleles. A base allele-specific network is trained for each MHC class, with an allele selected by largest number of
training examples. Transfer learning is applied to train networks for the remaining alleles with initial network
weights set to final base network weights. A fine-tuning step identifies alleles that can be leveraged for a second
round of transfer learning to produce a final network

2.1.2 Deep learning neural network training process
MSE loss Lmse was used to train networks with continuous-valued binding affinity data

and BCE loss Lace for binary HLAp data. For a data set with n samples,

n
1 . .
Luse@,y) = EZO’(O - J’(l))z
i=1

n

1 . . . .
Lpce(®,y) = — EZ y®@log(3W) + (1 — yD)log (1 — p©)

i=1
All training used backpropagation with the Adam optimizer [59] and learning rate of 0.001.
Regularization was performed with dropout and recurrent dropout [60] probabilities of 0.2. The

number of hidden units, dropout rate, and number of training epochs were estimated by 3-fold
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cross-validation on MHC class I HLA-A*02:01, a common allele with a large number of
experimentally characterized binding peptides.

For the 16 alleles where allele-specific HLAp training data were available [61], I trained
networks on both binding affinity and HLAp data (MHCnuggets). Next, I trained networks only
with binding affinity measurements (MHCnuggets without mass spectrometry data or noMS) for
all MHC class I alleles. Due to the lack of allele-specific HLAp training data for class II, all
MHC class II networks were trained only on binding affinity measurements. In total, I trained
148 class I and 136 class II allele—specific networks. Common alleles comprise a small fraction
(<1%) of all known MHC alleles [62]. To handle binding predictions for rare alleles,
MHCnuggets selects a network by searching for the closest allele, based on previously published
supertype clustering approaches. I prioritized approaches based on binding pocket biochemical
similarity when available. Briefly, HLA-A and HLA-B alleles were clustered by MHC binding
pocket amino acid residue composition [63], and HLA-C and all MHC II alleles were
hierarchically clustered based upon experimental mass spectrometry and binding assay results
[64, 65]. For alleles with no supertype classification, the closest allele was from the same HLA
gene, and allele group if available, with preference for alleles with the largest number of
characterized binding peptides. All networks were implemented with the Keras Python package
(TensorFlow back-end) [66, 67]. Open-source software is available at https://github.
com/KarchinLab/mhcnuggets, installable via pip or Docker, and has been integrated into the

PepVacSeq [68], pvactools [69], and Neoepiscope [70] pipelines.
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2.1.3 Transfer learning protocols

The networks were trained with transfer learning [71], which allows networks for less
well-characterized alleles to leverage information from extensively studied alleles (Figure 2.1C).
Transfer learning was also used to train networks combining binding affinity and HLAp data

sets.

2.1.3.1 Transfer learning protocol for binding affinity data only

I used transfer learning to improve network learning for MHC alleles with limited
characterized peptides available for training. I first trained base allele-specific networks for class
I and class II, using alleles with the most training examples in [EDB (HLA-A*02:01 for class I
and HLA-DRB1*01:01 for class II). For all other alleles, the final weights of the base network
for its respective class were used to initialize network training, and then an allele-specific
network was trained for each allele. Next, I assessed prediction performance of each allele-
specific network on the training examples for each of the alleles. For each allele, if the network
that performed best was not the HLA-A*02:01 network (for class I alleles) or HLA-DRB1*01:01
network (for class II alleles), I did a second round of training, with the best-performing network's

weights used in the initialization step.

2.1.3.2 Transfer learning protocol for binding affinity and HLAp data

To integrate HLAp data into the class I networks, I initially trained each network with
binding affinity data as described above, transferred the final weights to a new network, and then
continued training with the HLAp data as positive examples augmented with random peptide

decoys as negative examples.
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2.1.4 Transformation of peptide binding affinities

Predicted binding affinity can be transformed into a range of values well suited for neural
network learning by selecting a logarithmic base to match the weakest binding affinity of interest
[72]. For most benchmarks in this work, I used the standard upper limit of 50,000 nmol/L, so that
predicted binding affinity was

y = max (0,1 — logsor (ICs0)

For the Bonsack and colleagues data set [8], the upper limit was changed to 100,000 nmol/L
because in their experiments, as described in O'Donnell and colleagues [18], binders were
defined as peptides with ICs0 < 100,000 nmol/L. As binding affinity was determined based on in
vitro HLA binding-competition versus a known strong binder (reported ICso < 50 nmol/L)

experimental ICso values were in the micromolar range.

2.1.5 Performance metrics and selection of final network weights

PPV=NTP/(NTP + NFP), where NTP is the number of true positives and NFP is the
number of false positives. I calculated PPV with respect to the top-ranked n peptides, where n is
the number of true binders in the ranked list, denoted as PPVn. To minimize overfitting, network
training was stopped after 100 epochs but if the best PPVn was reached earlier, network weights
from that earlier epoch were used in the final network. Notably, although I chose to optimize the
networks on PPVn, an alternative approach could optimize on area under the ROC curve
(auROC), Kendall's tau, or Pearson r correlation. For the two alleles in the Immune Epitope
Database (IEDB) with the most training examples in their respective class, HLA-A*02:01 for

class I and HLA-DRB1*01:01 for class II, training was stopped after 200 epochs.
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2.2 Data set collection and curation

2.2.1 Training data sets

The networks were trained with data from a curated version of the IEDB v.2018[73],
containing chemical binding affinity measurements for 241,553 peptide—allele pairs covering
217 class I alleles and 96,211 peptide—allele pairs covering 135 class II alleles. Additional
training data consisted of 16 class [ mon-allelic B-cell line immunopeptidomes [61]. The
immunopeptidome data are limited to HLAp binders and were supplemented by decoy random

peptides sampled from the human proteome (https://data.mendeley.com/datasets/ 8pz43nvvxh/2).

2.2.2 Benchmark data sets

Kim and colleagues: This benchmark contained 53 MHC class I alleles and 137,654 1C50
measurements published prior to 2009 (training set) and 53 unique MHC class I alleles with
26,888 1Cso measurements, published from 2009 to 2013 (test set). Three alleles (HLA-B*27:03,
HLA-B*38:01, and HLA-B*08:03) did not contain sufficient training data, and two alleles
(HLA-A*46:01 and HLAB*27:03) did not contain any peptides defined as binders in this work
(IC50 < 500 nmol/L). Therefore, a total of four alleles (HLA-A*46:01, HLA-B*27:03, HLA-
B*38:01, and HLA-B*08:03) were dropped from the analysis. All peptides in this benchmark set
consisted of 8 to 11 amino acid residues.

Bonsack and colleagues: This data set contains 475 synthetic peptides derived from
model protein sequences HPV16 E6 and E7 tested for binding to 7 alleles (HLA-A*01:01, HLA-
A*02:01, HLA-A*03:01, HLA-A*11:01, HLA-A*24:02, HLA-B*07:02, and HLA-B*15:01).
Each peptide was tested in competition-based cellular binding assays with a known high-affinity

fluorescein-labeled reference peptide. EBV transformed B-lymphoblastic cells were stripped of
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their naturally bound peptides and mixed with serially diluted test peptides and 150 nmol/L of
reference peptide. Each synthetic peptide was tested at 8 different concentrations ranging from
780 nmol/L to 100,000 nmol/L. Mixture fluorescence at each synthetic peptide concentration
was measured with flow cytometry, and a nonlinear regression analysis was used to find the test
peptide concentration that inhibited 50% of the reference peptide binding (IC50). Peptides were
classified as binders (IC50<100,000 nmol/L) or nonbinders (IC50>100,000 nmol/L). Peptides in
this independent benchmark set do not have IEDB entries.

Bassani-Sternberg and colleagues, 2015: This data set contains 22,598 unique peptides
eluted from 6 cell lines with multiallelic MHCs. Out of the total 6 cell lines, a total of 26 alleles
were reported. For each multiallelic cell line, peptide/MHC pairs were found through
deconvolution, following the protocol described by Abelin and colleagues [61], with the
difference that I used MHCnuggets rather than NetMHCpan 2.8 [74]to predict IC50 values for
each peptide-MHC pair. For each cell line, each peptide was initially assigned as a binder to all
expressed alleles. Then, for each allele, I filtered out any peptide predicted to bind with IC50 >
1,000 nmol/L to that allele, and with IC50 < 150 nmol/L to any other allele. Peptides found for 6
alleles (HLA-A*01:01, HLA-A*02:01, HLA-A*03:01, HLA-A*24:02, HLA-A*31:01, and
HLA-B*51:01) were selected for allele-specific prediction testing. Trained networks were
available for these alleles from all the methods that I compared.

Trolle and colleagues: This data set contains 15,524 unique peptides eluted from soluble
HLA (sHLA) transfected HeLa cells, a process that allowed for separating binding peptides to a
single MHC allele. This data set reports peptides for 5 MHC alleles. Peptides found for 4 alleles
(HLA-A*01:01, HLA-A*02:01, HLA-A24*02, and HLA-B*51:01) were selected for testing.

Peptide lengths in this data set range from 8 to 15 amino acid residues.
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BST: This benchmark consists of 23,971 HLAp hits for 6 alleles, from Bassani-Sternberg
and colleagues [22] and Trolle and colleagues [58] plus 23,947,029 random decoy peptides
sampled from the human proteome. Any peptides found to overlap with the training HLAp data
[61] were removed.

Jensen and colleagues: This benchmark was designed to assess both allele-specific and
rare MHC class II binding affinity predictors. Allele specific prediction was tested with a 5-fold
cross-validation experiment on peptides found in IEDB in 2016 but not 2013. Rare allele
predictions were tested with the LOMO protocol.

IEDB class I rare alleles: This data set was designed to apply the LOMO protocol to
class I alleles. It included 20 "pseudo-rare" alleles with 30 to 100 binding affinity peptide
measurements in [EDB.

All data sets used in this work are available at http://dx.doi.org/ 10.17632/8c26kkrfpr.2.

2.3 Evaluation

2.3.1 Model assessment strategy

To accurately assess the performance of MHCnuggets on a variety of MHC—peptide binding
prediction tasks, I utilized six benchmark sets: MHC class I alleles, MHC class II alleles,
common alleles with a trained model (allele-specific prediction), and rare alleles (pan-allele
prediction; Figure 2.2). To compare to the HLA ligand prediction tools from the NetMHC group
(NetMHC 3.0, NetMHC 4.0, NetMHCpan 2.0, NetMHCpan 4.0) [16, 17], which can be trained
only by their developers, as well as the open-source MHCflurry tools [18], I used multiple
benchmarking strategies: (i) independent benchmark test set of peptides not included as training

data for any of the methods; (ii) a previously published paired training/testing benchmark;
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Figure 2.2 MHCnuggets’ features. (A) Venn diagram representation of the MHC-peptide binding prediction
functions of MHCnuggets and similar tools. (B) Training and MHC allele model selection scheme for MHCnuggets.

(ii1) 5-fold cross-validation benchmark; and (iv) leave-one-molecule-out (LOMO) benchmark.

I evaluated six MHC class I predictors on independent binding affinity and HLAp data
sets [8, 22, 58]. First, I compared MHCnuggets to several class I predictors that incorporate both
binding affinity and HLAp data: MHCflurry 1.2.0, MHCflurry (train-MS), NetMHC 4.0, and
NetMHCpan 4.0. Each method was benchmarked using an independent set of MHC-bound
peptides identified by mass spectrometry across seven cell lines for six MHC I alleles. For
testing, HLAp hits were combined with random decoy peptides sampled from the human
proteome in a 1:999 hit—decoy ratio, as described by Abelin and colleagues [61], totaling
23,971,000 peptides. Next, four MHC class I predictors trained only on binding affinity data
[MHCnuggets (noMS) and MHCflurry (noMS), NetMHC 3.0 and NetMHCpan 2.0] were
evaluated with the Kim and colleagues data set [5], in which each predictor was trained with the
BD2009 data and tested on BLIND data. It was possible to compare NetMHC 3.0 and

NetMHCpan 2.0 performance on Kim and colleagues, because they have previously published
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predicted IC50 values for all peptide-MHC pairs in BLIND. This allowed us to calculate their
PPVn, auROC, Kendall's tau, and Pearson r correlations.

Next, I compared MHCnuggets’ class II ligand prediction performance with self-reported
performance statistics of NetMHC group's MHC class II methods [75]. I used the Jensen and
colleagues 5-fold cross-validation benchmark to assess allele specific MHC class II prediction of
MHCnuggets and NetMHCII 2.3, for 27 alleles. NetMHCII 2.3 reported the average auROC for
five-fold cross-validation, and I report MHCnuggets’ PPV for each of the 27 alleles as well as
the average auROC, Pearson r, and Kendall's tau correlations.

The LOMO benchmarks are a type of cross-validation designed to estimate the
performance of peptide binding prediction with respect to rare MHC alleles. Given training data
for n MHC alleles, the data for a single allele are held out and networks are trained for the
remaining n 1 alleles. Then for each peptide, predictions were generated by the remaining
networks. I designed a LOMO benchmark to evaluate MHC class I rare allele prediction, by
selecting 20 alleles with 30 to 100 characterized peptides in the IEDB [73]. For class Il rare
allele prediction, I used the Jensen and colleagues [75] LOMO benchmark. I was unable to
assess rare allele prediction for NetMHC class I methods, as no published results were available.

For the NetMHC class II methods, I compared MHCnuggets to their self-reported auROCs.

2.3.2 High-throughput MHCnuggets breaks the MHC ligand prediction plateau
To assess the baseline performance of MHCnuggets allele-specific networks on binding
affinity data, I compared my approach with widely used MHC class I ligand prediction methods

using two validation sets of binding affinity measurements [5, 8]. I trained and tested
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Figure 2.3 MHC class I benchmark comparisons. (A) PPVn for MHC class I allele-specific prediction on binding
affinity test sets from Bonsack et al. (7 alleles) and Kim et al. (53 alleles) (5,8) (B) PPVn for MHC class I allele-
specific prediction on HLAp BST data set (Bassani-Sternberg et al. and Trolle et al. (7,22)), stratified by allele (6
alleles). (C) PPVn for MHC class I allele-specific prediction on HLAp BST data set (from B) stratified by peptide
sequence length. (D) True and false positives for each method on the top 50 ranked peptides from the HLAp BST
data set. PPVn = positive predictive value on the top n ranked peptides, where n is the number of true binders.
TP=true positives. FP=false positives.

MHCnuggets (noMS) and MHCAlurry (noMS) using the Kim and colleagues data set [5] and
evaluated the predictions provided by NetMHC 3.0 and NetMHCpan 2.0. I observed that
MHCnuggets' performance (PPVn=0.829, auROC=0.924) was comparable with these methods
(Figure 2.3A; PPVn of all methods=0.825+0.005, auROC of all methods=0.928+0.0031).
MHCnuggets was also comparable (PPVn=0.633, auROC=0.794) to these methods when tested
on the Bonsack and colleagues data set [8](PPVn of all methods=0.625+0.008, auROC of all
methods=0.7710.02; Figure 2.3A).

Earlier neoantigen prediction methods focused on class I and trained on binding affinity
data from IEDB [76]. More recent work incorporated both binding affinity and HLAp data into
network training [14, 18]. I compared MHCnuggets with several class I predictors that used both

binding affinity and HLAp data: MHCflurry 1.2.0, MHCflurry (train-MS), NetMHC 4.0, and
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NetMHCpan 4.0. I selected the BST HLAp data set [22, 58, 61] as an independent benchmark, as
it was not used as training data by any of these methods. For all alleles tested, MHCnuggets
achieved an overall PPVn of 0.42 and auROC of 0.82 (Figure 2.3B). On average, MHCnuggets'
PPVn was more than three times higher than MHCflurry 1.2.0, MHCflurry (train-MS), NetMHC
4.0, and NetMHCpan 4.0. For all alleles, MHCnuggets predicted fewer binders than other
methods, resulting in fewer false-positive predictions. Stratifying by peptide length,
MHCnuggets’ increased PPVn was most evident for peptides of length 9, 10, and 11 (Figure
2.3C). The length distribution of predicted binders was commensurate with the observed
distribution of naturally occurring binders in the HLAp benchmark tests [58].

For some clinical applications, it may be desirable to minimize the number of false
positives among a small number of top-scored peptides. I compared PPV of the methods listed
above on their top 50 and 500 ranked peptides from the BST data set (six MHC class I alleles).
MHCnuggets exhibited the highest PPV in the top 50 for all alleles except HLA-B*51:01 and the

highest PPV in the top 500 for all alleles (Figure 2.3D).

2.3.3 Prediction of peptide-MHC binding for class II alleles

I assessed the baseline performance of MHCnuggets class II allele—specific networks on
binding affinity data. To enable comparison with the class Il methods from the NetMHC group, I
used a 5-fold cross-validation benchmark derived from IEDB that was included in the
publication describing NetMHCII 2.3 and NetMHClIIpan 3.2 [75]. First, I computed PPVn for
each of the 27 allele-specific networks separately (Figure 2.4A; mean PPVn=0.739). Next, |

computed the overall auROC, Pearson r, and Kendall's tau correlations for all 27 class II alleles.
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Figure 2.4 MHC class II benchmark comparisons. (A) PPVn for MHC class II allele-specific prediction on
binding affinity test set from Jensen et al. (27 alleles, stratified by allele). (B) auROC, K-Tau, Pearson r scores for
MHC class II alleles from five-fold cross-validation. NetMHCII2.3 performance is from their self-reported auROC.
auROC= area under the receiving operator characteristic curve. K-Tau = Kendall’s tau correlation. PPVn = positive
predictive value on the top n ranked peptides, where n is the number of true binders.

MHCnuggets overall auROC (0.849) was comparable with that of the NetMHCII 2.3 (0.861) and
NetMHClIpan 3.2 (0.861). Comparison with NetMHC class II methods was limited to overall
auROC as published in Jensen and colleagues [75], because their PPVn results are not publicly

available (Figure 2.4B).

2.3.4 Prediction of peptide-MHC binding for rare alleles

I estimated performance of those class I and Il MHC alleles for which I was unable to train
allele-specific networks, using LOMO cross-validation [75]. In this LOMO protocol, MHC-
peptide binding was assessed for a well-characterized allele that has been held out from training
to approximate prediction performance for a rare allele (Figure 2.5A). For the 20 class I alleles,

the mean PPVn was 0.65, and the mean auROC was 0.671. For the 27 class II alleles, the mean
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Figure 2.5 MHC class I and II benchmark comparisons to estimate rare allele performance. (A) Schematic
representation of leave one molecule out (LOMO) testing. (B) PPVn for MHC class I rare allele prediction on IEDB
pseudo-rare alleles binding affinity test set (20 alleles, stratified by allele). (C) PPVn for MHC class II rare allele
prediction on binding affinity test set from Jensen et al. (27 alleles, stratified by allele) (39). (D) auROC for MHC
class Il rare allele prediction on LOMO binding affinity test set from Jensen et al. (27 alleles, stratified by allele)
(39). NetMHClIpan3.2 results are from their self-reported auROC. auROC = area under the receiving operator
characteristic curve. PPVn = positive predictive value on the top n ranked peptides, where n is the number of true
binders.

PPVn was 0.65 and the mean auROC was 0.792. In comparison, the class Il mean auROC of
NetMHClIpan 3.2 was 0.781 (Figure 2.5B-D). NetMHCpan rare allele predictor LOMO test

results for class I are not publicly available; therefore, I was unable to compare with them.
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Figure 2.6 Timing and scalability. Runtime benchmark of tested methods using versions available on October 1,
2019 over a range of inputs (up to 1 million peptides). (A) MHC class I prediction. (B) MHC class II prediction

2.4 Runtime analysis

To assess the speed and scalability of the tested methods, I selected 1 million peptides
sampled from the Abelin and colleagues data set [61] for class I alleles, and one million peptides
sampled from the IEDB (curated data set 2018)[73] for class II alleles. Sampling was done with
replacement. For each method listed in Figure 2.1A, networks for three class I MHC alleles
(HLA-A*02:01, HLA-A*02:07, and HLA-A*01:01) and three class Il MHC alleles (HLA-
DRB1*01:01, HLA-DRB1*11:01, and HLA-DRB1*04:01) were used to predict binding over a
range of input sample sizes (102, 10°, 104, 10°, and 10%). All methods were run on a single
graphics processing unit (GPU) compute node (one NVIDIA TESLA K80 GPU plus six 2.50
GHz Intel Xeon E5- 2680v3 CPUs, 20 GB memory).

When run on a GPU architecture, MHCnuggets was faster and scaled more efficiently
than MHC ligand predictors from the NetMHC family and MHCflurry. Given an input of one
million peptides randomly selected from Abelin and colleagues [61], MHCnuggets runtime was
3.62, 69.7, and 624.5 times faster than MHCflurry 1.2.0, NetMHC 4.0, NetMHCpan 4.0,

respectively (Figure 2.6A). The improvement was similar for class II peptides, for which an
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input of one million peptides to MHCnuggets ran 65.6 times and 126 times faster than
NetMHCII 2.3 and NetMHClIpan 3.2, respectively (Figure 2.6B). As the total number of input
peptides was increased from 0 to 1 million, the runtime per peptide plateaued for other methods

but decreased exponentially for MHCnuggets.

2.5 Application of MHCnuggets on The Cancer Genome Atlas (TCGA)

patients

To assess candidate immunogenic somatic mutations in patients from the The Cancer
Genome Atlas (TCGA) cohort, I developed and implemented a basic pipeline based on whole-
exome and RNA-seq data (Figure 2.7). My analysis builds upon work from the TCGA
PanCancer Analysis teams for drivers [77], mutation calling [78], and cancer immune landscapes
[79]. I obtained somatic mutation calls for all cancer types from Multicenter Mutation Calling in
Multiple Cancers (MC3; v0.2.8; 7,775 patients). Tumor-specific RNA expression values from
Broad TCGA Firehose were standardized across tumor types using the RSEM Z-score [80].
MHC allele calls were obtained from the TCGA cancer immune landscape publication, in which
up to 6 MHC class I alleles (HLA-A, HLA-B, and HLA-C) were identified for each patient using
OptiType [81]. I included patients for which mutation calls, MHC allele calls, and RNA
expression values were available from TCGA. After these considerations, the analysis included
6,613 patients from 26 TCGA tumor types. Six cancer types were not included in my analysis,
because 15 or fewer patients met this requirement: lymphoid neoplasm diffuse large B-cell
lymphoma, esophageal carcinoma, mesothelioma, skin cutaneous melanoma, stomach

adenocarcinoma, and ovarian serous cystadenocarcinoma.
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CHAPTER 2. MHCNUGGETS

The somatic missense mutations identified in each patient were filtered to include only
those with strong evidence of mutant gene RNA expression in that patient (Z > 1.0). For each
mutation that passed this filter, I used the transcript assigned by MC3 to pull flanking amino acid
residues from the SwissProt database [82], yielding a 21-amino acid residue sequence fragment
centered at the mutated residue. All candidate peptides of length 8, 9, 10, and 11 that included
the mutated residue were extracted from each sequence fragment. Next binding affinity
predictions were generated for each mutated peptide for up to six MHC class I alleles, depending
on the patient's HLA genotypes. In total, each somatic mutation was represented by 38 mutated
peptides for up to six possible MHC pairings.

I applied a permissive filter to select candidate immunogenic peptides, requiring mutated
peptides to have binding affinity of IC50 < 500 nmol/L for at least one MHC allele. Somatic
missense mutations that generated neoantigens meeting these criteria were considered predicted
IMMs. For a given patient, if a mutation was predicted to be a predicted IMM for multiple
alleles, it was counted only once using the MHC allele with the lowest predicted IC50. Finally,
for each patient, I counted the number of predicted IMMs found in their exome and stratified by
tumor type. I then identified predicted IMMs that were harbored by more than one patient.

I identified 101,326 unique predicted IMMs in 26 TCGA cancer types, with a mean of
15.6 per patient. I found that the majority of patients harbored fewer than six predicted IMMs,
and 197 patients had none. Seventy-two percent of patients had from one to 10 predicted IMMs,
compared with 1.9% of patients with more than 100, and 9 patients with more than 1,000 (Figure
2.8A). Cancer types with the highest number of predicted IMMs were uterine corpus endometrial

carcinoma (UCEC), colon adenocarcinoma (COAD), and lung adenocarcinoma (LUAD), all
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Figure 2.8 MHC class I IMMs in TCGA patients. (A). Number of predicted immunogenic missense mutations
(IMMs) identified in 6,613 TCGA patients. Dotted line = mean IMMs per patient (15.6). Note, 123 patients

had >100 predicted IMMs but are not included for visual clarity. (B) Number of predicted IMMs by cancer type. (C)
IMMs shared by three or more patients and the cancer types in which they occurred. Each row represents a cancer
type and each column illustrates the overlap of IMMs seen in a single cancer type or multiple cancer types. For
example, the first column shows the number of IMMs shared among patients with colorectal adenocarcinoma
(COAD) and uterine corpus endometrial carcinoma (UCEC). Bars to the left show the total number of unique IMMs
in each cancer type. *Bar heights reflect count of unique shared IMMs, not total number of patients in which the
IMM was observed. Cancer type abbreviations are in Methods. Image generated with UpSetR. (D) Fibroblast
growth factor receptor (FGFR3) IMM hot region identified by HotMAPs in bladder cancer (BLCA). IMMs shown
and number of BLCA patients with the IMM: p.E216K (1), p.D222N (1), p.G235D (1) p.R248C (3) and p.S249C
(24). Except for p.G235D, these IMMs are proximal to the interface of FGFR3 protein and the light and heavy
chains of an antibody fragment designed for therapeutic application in bladder cancer (PDB ID: 3GRW) (61). ACC,
adrenocortical carcinoma; BLCA, bladder urothelial carcinoma; BRCA, breast invasive carcinoma; CESC, cervical
squamous cell carcinoma and endocervical adenocarcinoma; CHOL, cholangiocarcinoma; COAD, colon
adenocarcinoma; GBM, glioblastoma multiforme; HNSC, head and neck squamous cell carcinoma; KICH, kidney
chromophobe; KIRC; kidney renal clear cell carcinoma; KIRP, kidney renal papillary cell carcinoma; LGG, brain
lower grade glioma; LIHC, liver hepatocellular carcinoma; LUAD, lung adenocarcinoma; LUSC, lung squamous
cell carcinoma; PAAD, pancreatic adenocarcinoma; PCPG, pheochromocytoma and paraganglioma; PRAD, prostate
adenocarcinoma; READ, rectum adenocarcinoma; SARC, sarcoma.
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three of which are known for high mutation burden and immunogenicity [79]. UCEC and COAD
are also known to have a high frequency of microsatellite instable (MSI) tumors. The lowest
number were found in uveal melanoma (UVM), paraganglioma and pheochromocytoma (PCPQG),
and testicular germ cell tumors (TGCT; Figure 2.8B).

Across all cancer types, I identified 1,393 predicted IMMs harbored by 2 or more
patients, of which 167 were identified in 3 or more patients. Of these, 167 only 11.5% occurred
exclusively in a single cancer type (Figure 2.8C). The predicted IMMs identified in the largest
number of patients were /IDH1 R132H (62), FGFR3 S249C (24), PIK3CA E545K (23), KRAS
G12D (18), PIK3CA E542K (18), TP53 R175H (18), TP53 R248Q (18), TP53 R273C (17), and
KRAS G12V (16), which are known recurrent oncogenic driver mutations [83, 84]. Of the 1,071
genes harboring predicted IMMs in 2 or more patients, the ones containing the most included
TP53 (68), CTNNBI (18), PIK3CA (16), HRAS (8), KRAS (7), PTEN (7), FBXW7 (6), EGFR (5),
MDNI (5), POLE (5), TRRAP (5), and VPS13C (5; Supplementary Table S9C). Six missense
mutations harbored by patients in the TCGA cohorts were previously validated by CD8" T-cell
response assays [26, 27, 85]. Of the six missense mutations, 7P53 R248Q, TP53 Y220C, TP53
R175H, TP53 R248W, and KRAS G12D were predicted to be IMMs by my MHCnuggets
pipeline and were shared by 3 or more of the TCGA patients.

I considered that mutation immunogenicity might be associated with potential driver
status of a mutation. Driver status was inferred by CHASMplus [86], a random forest classifier
that utilizes a multifaceted feature set to predict driver missense mutations and is effective at
identifying both common and rare driver mutations. For each mutation, immunogenicity was
represented as a binary response variable and driver status was used as a covariate. Mutations

with CHASMplus g-value < 0.01 were considered drivers [86]. 61.7% of the 167 predicted
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IMMs shared by 3 or more patients were classified as driver missense mutations by CHASMplus
(q <0.01). This percentage is significantly higher than the number of predicted drivers among all
TCGA missense mutations (9,821 out of 791,637 or 1.2%). Although many shared IMMs were
predicted to be driver missense mutations, the percentage of predicted IMMs predicted to be
drivers was ~0.1% of total predicted IMMs in my study. When compared with the OncoKB
database of experimentally confirmed driver mutations [87], 53.9% of the shared predicted
IMMs identified as “oncogenic” or “likely oncogenic” driver mutations. The percentage is lower
(25.7%) if “likely oncogenic” mutations are excluded. I, next, explored the relationship between
mutation driver status predicted by CHASMplus and predicted IMM status using logistic
regression (R glm package with binomial link logit function). The log odds of being a predicted
IMM was significantly decreased for drivers (f=-0.66, Wald test P < 2e-16), which is consistent
with previous work suggesting that negative evolutionary selection eliminates MHC class I
immunogenic oncogenic mutations early in tumor development [88].

Although I observed a limited number of shared predicted IMMs, I reasoned that protein
regions enriched for predicted IMMs could present a therapeutic opportunity in certain cancer
types. I then sought to ascertain whether predicted IMMs occurred preferentially in particular
gene or protein regions. Using the HotMAPS 1D algorithm v1.2.2 [89], I clustered primary
amino acid residue sequence to identify regions where mutations were frequently predicted as
IMM, with statistical significance (q < 0.01, Benjamini— Hochberg method) [90]. In this
analysis, mutations were stratified by cancer type, and I considered enrichment within linear
regions of 50 amino acid residues. I identified clusters of residues within protein regions having
statistically significant enrichment of predicted IMMs (q < 0.01). These included CIC in low-

grade glioma (LGG); NFE2L2 and FGFR3 (Figure 2.8D) in bladder cancer (BLCA) [91]; KRAS

28



CHAPTER 2. MHCNUGGETS

in pancreatic adenocarcinoma (PAAD); KIT in TGCTs; HRAS in head and neck squamous
carcinoma (HNSC); PTEN, POLE, and PPP2RI1A in UCEC; and GNAQ and SF3B1 in UVM.
Three genes harbored predicted immunogenic regions in more than one cancer type: 7P53 in
BLCA, BRCA, HNSC, LGG, and UCEC; PIK3CA in HNSC and cervical squamous cell
carcinoma (CESC); and CTNNBI in liver hepatocellular carcinoma (LIHC) and UCEC.

To assess whether the total number of predicted IMMs per patient was associated with
changes in tumor immune infiltrates, I performed Poisson regression (R glm package with
Poisson link log function). All estimates of immune infiltrates were obtained from Thorsson and
colleagues [79, 92]. I fit two univariate models in which the response variable was the predicted
IMM count and the covariate was either total leukocyte fraction or fraction of CD8" T cells. The
fitted coefficient § = 0.75 (P < 2x 1076, Wald test) indicated that increased predicted IMM load
was significantly associated with increased leukocyte fraction in a patient's cancer. In a second
model, X was the proportion of CD8" T cells inferred by CIBERSORT (53). The fitted
coefficient B = 5.9 (P <2x 10-'°, Wald test) indicated that increased predicted IMM load was
associated with increased tumor infiltrating CD8" T cells. Total lymphocyte and (Aggregate3)
CDB8" T-cell fractions were estimated in Thorsson and colleagues [79].

Overall, predicted IMMs were almost exclusively private to individual TCGA patients,
with only 1,393 predicted IMMs observed in more than 1 patient. Although more than 61% of
predicted IMMs shared by more than 2 patients were predicted to be driver mutations, the log
odds of immunogenicity decreased for predicted driver mutations, indicating immunogenicity
might shape the driver mutation landscape. These findings suggest that IMMs drive tumor
immunoediting and may be informative for the interpretation of clinical responses to

immunotherapy
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Chapter 3 HLA class II immunogenic
mutation burden as a predictor of ICB

treatment response.

Here, the utility of MHCnuggets in ICB treatment is explored. While tumor mutation
burden (TMB) has been the most accepted marker in patient response prediction, I aimed to use
MHCnuggets to explore a more biologically relevant but less studied maker—HLA class II
immunogenic mutation (IMM). I first extended the MHCnuggets framework by implementing an
HLA affinity ranking system. Candidate HLA class II-restricted neoantigens’ binding affinities
were ranked against those of 100,000 randomly selected human proteome peptides.
Immunogenic peptides were defined based on their ranks, and HLA class II IMMs were
identified based on their harboring of immunogenic peptides. Next, I evaluated the role of HLA
class I immunogenic mutation (IMM) burden in four independent cohorts of patients treated
with immunotherapy. I further integrated HLA class II IMMs with HLA germline variation,
tumor clonal architecture and investigated the tumor microenvironment composition of tumors
harboring a high class Il IMM burden. This chapter is based on published work in Shao et al.
2022 [93], further information and data are available at

https://doi.org/10.1016/j.annonc.2022.03.013.
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3.1 MHCnuggets framework rank system extension
3.1.1 Rank algorithm implementation

MHCnuggets’ rank prediction algorithm works as follows. When presented with a
peptide-HLA pair, it first predicts the binding IC50 of the candidate peptide to the selected HLA.
This IC50 is then ranked amongst the predicted IC50s of peptides sampled from the human
proteome (HP) to the HLA of interest. These HP IC50 lists, consisting of lists of predicted IC50s
of HP peptides against all supported HLAs, were generated as follows.

HP peptides were selected by sampling 100,000 peptides at each common peptide length
for the respective HLA class (lengths 8-12 for HLA class I, 12 — 20 for HLA class II). Duplicates
were removed, yielding 494,297 peptides in the class I list and 890,671 peptides in the class II
list. I predicted the binding IC50 for every peptide to every supported HLA. These HLA-specific
IC50 lists are sorted in ascending order. For fast, consistent querying of these lists, I have created
accompanying “position dictionaries”. These are HLA-specific maps from each unique IC50 to a
tuple of the IC50’s start and end index within the HP IC50 list. For example, if the first two
elements of the HP IC50 list for HLA-A01:01 were 1.4 nM and 1.5nM, the associated entries in
the position dictionary would map from 1.4 to (0, 0), and 1.5 to (1, 1) as 1.4 nM starts and ends
at position 0, and 1.5 nM starts and ends at position 1.

To reduce the download size of MHCnuggets, the HP IC50 lists are stored in two parts
under one pickle, as follows. HP IC50 lists are stored as pickles, with each HLA in the final IC50
pickle having two IC50 lists. The first list is the full first percentile (tightest predicted binders) of
the predicted IC50s. This list is used to rank the tightest predicted binders, ensuring high
accuracy in ranking candidate peptides that may be immunogenic. The second list is a

downsampled version of the HP IC50 lists. Every 25th value of the original class I peptide list
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and every 60th value of the class peptide II list was selected to form the downsampled lists. Each
HLA has two position dictionaries corresponding to the two IC50 lists. The downsampling was
performed to reduce the download size of MHCnuggets and make the package conveniently
accessible with GitHub’s standard size restrictions (each file < 100 MB). Additionally, I stored
the first percentile IC50 value for each HLA as well as the original HP IC50 list length. These
values were used in the prediction logic, described below.

When presented with a peptide-HLA pair, [ first predicted the binding IC50 of the
candidate peptide to the selected HLA. I then compared the candidate peptide’s IC50 to the first
percentile IC50 value of the HP IC50 list of the same HLA. If the candidate peptide’s IC50 was
less than or equal to the first percentile value, I performed a binary search of the candidate IC50
within the first percentile HP IC50 list of the HLA of interest. If an exact match was found, I
queried the position dictionary to find the start and end index of the IC50, place the candidate
peptide’s IC50 in the middle of these indices, then computed the rank percentile using this
position and the stored original list length of the HP IC50 list. This ensured that percentiles were
always computed consistently, with the candidate IC50 in the center of any block of matching
IC50s within the HP IC50 list. If no exact match was found, the percentile was calculated using
the usual output position of the binary search. Alternatively, if the candidate peptide’s IC50 was
greater than the first percentile IC50 value of the HP IC50 list of the HLA of interest, the above

process was carried out using the downsampled 1C50 list rather than the first percentile IC50 list.
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Source Number of Number of Study focus Rate of
Unique Source presentation
Peptides Proteins
Bassani-sternberg 2016 [94] | 15009 2832 All 0.00791
Loffler 2018 [95] 10099 2533 CRC 0.00595
Loffler 2018 [95] 10732 2188 NMC 0.00733
Mommen 2016 [96] 13918 1980 HLA-DR 0.01050
Mutschlechner 2010 [97] 1606 650 HLA-DR 0.00369
Schuster 2017 [98] 17334 3544 Ovarian cancer 0.00730
Strug 2009 [99] 165 106 HLA-DRI 0.00232

Table 3.1 Studies used for HLA class II rate of presentation estimation. CRC=colorectal cancer cell line;
NMC=non-malignant colon tissue.

3.1.2 Rank threshold selection

I tried to select a rank threshold that would give a close estimate of the HLA presentation
rate when selecting peptides from a pool of human proteins. To do this, I first compiled a list of 6
studies that utilized mass-spectrometry to elute naturally presented peptides on HLA class II
molecules. From these studies, the total number of unique peptides and the total number of their
source proteins were compiled (Table 3.1).

Then, I computed the number of possible peptides that each of these source proteins can
generate (eql), mimicking the random human peptide generation process of my background list.

Total Number of Peptides of Length L a Protein Generates

= (Length of Protein — L) X Fraction of Unique Peptides (eql)

33



CHAPTER 3. HLA CLASS II IMMUNOGENIC MUTATION BURDEN AS A PREDICTOR
OF ICB TREATMENT RESPONSE

For the length of protein, I empirically calculated the median length of all the proteins in the
Human Proteome (UniProt download 2019) to be 481 amino acids. For my analyses of HLA
class II epitopes, I was interested in peptides with length 12-20 amino acids. As such, the
calculation of total peptides following eql was repeated for each length of 12-20. I also
empirically calculated the fraction of unique peptides to be 0.16 by extracting and uniquifying all
possible peptide sequence of length 12-20 in the human proteome. Next, I utilized the compiled
numbers of source proteins and the total peptides a protein can generate to get the total peptides
arose from the source protein pools (eq2).
Number of Total Peptides

= Total Number of Peptides a Protein Generates

X Total number of Proteins (eq2)
Finally, I used the number of unique peptides eluted in combination of the total number of

peptides from the source protein pool to calculate the presentation rate (eq3).

Number of Unique Peptides

P tation Rate = 3
resentation frate Number of Total Peptides from Source Proteins (eq3)

Through this simulation, I found the 6 studies showed very similar peptide presentation rates for
HLA class II complexes, ranging from 0.002 to 0.01 (Table 3.1). Source proteins probably only
accounted for a small subset of cellular peptides HLA class II molecules would encounter, and
there are many biological processes that this simulation did not account for. As such, I
conservatively selected a rank threshold of 0.001 for my definition of presentation and

immunogenicity. Two other thresholds of 0.01 and 0.0001 were also encompassed in this study.
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3.2 ICB-treated cohort data compilation

I analyzed whole exome sequence data of 233 patients with NSCLC and melanoma
treated with ICB from four published cohorts: the Anagnostou NSCLC cohort consisted of 89
patients with NSCLC treated with single agent or combination ICB [25]; the Rizvi NSCLC
cohort consisted of 34 patients with NSCLC treated with pembrolizumab [100]; the
Anagnostou_Melanoma cohort consisted of 46 patients with melanoma treated with nivolumab
or combination nivolumab/ipilimumab as part of the CheckMate 038 clinical trial [101], and the
Snyder Melanoma cohort consisted of 64 patients treated with ipilimumab [102]. Demographics
were extracted from the original publications. For the NSCLC cohorts, PD-L1 expression values
and smoking status (former smoker, current smoker and never-smoker) were retrieved from the
original publications. Clinical responses to ICB treatment were classified as durable clinical
benefit (DCB) or non-durable benefit (NDB). For all four cohorts, DCB was defined as
radiographic complete response, partial response, or stable disease for a duration longer than 6

months.

3.3 Assessment of immunogenic mutation burden

3.3.1 Somatic mutation calls

Whole exome sequencing (WES) data was analyzed with the Strelka mutation calling
pipeline [103]. Mutations that were in common SNP locations based on dbSNP v138 and those
with more than one BLAT hit [104] were filtered. The final list of mutations passed the
following criteria: mutation allele frequency (MAF)>=10%, distinct mutant fragments>=4,
matched normal coverage >=11, and matched normal MAF>=3%. All missense mutations

identified in each cohort were considered as potential IMMs. Mutant and wildtype peptide
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sequences surrounding the affected amino acid were extracted, filtering out silent and nonsense
mutations with varcode [105]. Windowing around the affected amino acid, all possible 12-20mer
[94, 106, 107] mutant/reference peptide pairs were selected as potential HLA class II
neoepitopes. HLA class I candidate neoepitopes were extracted for all possible 8-12mer

mutant/reference peptide pairs [58, 61, 94].

3.3.2 HLA genotyping

Individual’s HLA class I germline haplotypes (HLA-A, HLA-B and HLA-C) were
computed with OptiType [81], utilizing whole exome sequencing data. Similarly, HLA class II
germline haplotypes were computed with combined results of SOAP-HLA [108] and xHLA
[109]. Specifically, xHLA was used to determine haplotypes for HLA-DPB1, HLA-DQBI1 and
HLA-DRBI1. SOAP-HLA was used to determine haplotypes for HLA-DPA1 and HLA-DQAI.
For HLA-DP and HLA-DQ genes, combining alpha and beta genotypes resulted in three
different cases: 1). Both alpha and beta genes were heterozygous, generating four different HLA -
DP/DQ combinations. 2). Either alpha or beta gene was heterozygous, generating 2 different
HLA-DP/DQ combinations. 3). Both alpha and beta genes were homozygous, generating only 1
HLA-DP/DQ combination. HLA-DQ alpha and beta pairing that resulted as forbidden pairings

were excluded for all the samples [110].

3.3.3 Immunogenic mutation (IMM) calls
To compute IMM burdens, I used MHCnuggets [31], and converted predicted HLA
binding affinities for each peptide into a rank-based score. Predicted neoepitopes were selected

using affinity rank thresholds of <0.01, <0.001 and <0.0001. A threshold of 0.001 was used as an
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Stratific se

ation elpd se elpd elpd p se p se Tumor
Models | Methods | diff diff | loo loo loo | loo | looic looic | Type
No
Cohort | HLAII
Effect IMMs 0.00 | 0.00|-29499 | 1341 | 3.66 | 1.07 | 58998 | 26.82 | NSCLC
Fix
Cohort HLA II
Effect IMMs -0.67 | 0.68 | -29566 | 1332 | 468 | 1.21 | 591.32 | 26.63 | NSCLC
Variable
Cohort | HLAII
Effect IMMs -0.70 | 0.83 | -295.69 | 13.37 | 5.11 | 1.30 | 591.38 | 26.75 | NSCLC
No
Cohort | HLAII
Effect IMMs 0.00 | 0.00| -248.68 | 20.71 | 2.29 | 0.27 | 497.35 | 41.42 | Melanoma
Fix
Cohort | HLAII
Effect IMMs -0.35| 0.72]-249.02 | 20.85| 3.15| 0.33 | 498.05 | 41.71 | Melanoma
Variable
Cohort | HLAII
Effect IMMs -0.23 | 090 | -246.99 | 20.84 | 3.34 | 038 | 498.16 | 41.66 | Melanoma
No
Cohort
Effect TMB 0.00 | 0.00|-293.05| 13.19| 3.45| 099 | 586.11 | 26.39 | NSCLC
Fix
Cohort
Effect TMB -0.58 | 0.49|-293.63 | 13.12 | 422 | 1.04 | 587.26 | 26.23 | NSCLC
Variable
Cohort
Effect TMB -0.80 | 0.38 | -293.85| 13.16 | 444 | 1.12 | 587.71 | 26.31 | NSCLC
No
Cohort
Effect TMB 0.00 | 0.00 | -250.32 | 20.59| 2.15| 0.21 | 500.63 | 41.18 | Melanoma
Fix
Cohort
Effect TMB -0.48 | 0.66 | -250.79 | 20.69 | 3.07 | 0.27 | 501.58 | 41.38 | Melanoma
Variable
Cohort
Effect TMB -0.70 | 0.66 | -251.01 | 20.71 | 3.31 | 0.36 | 502.03 | 41.42 | Melanoma

Table 3.2 Multi-Cohort Bayseian Survival Model Comparison. elpd=expected log pointwise predictive density;
se=standard error; p_loo=effective number of parameters; loo=eave-one-out cross-validation approach; looic=-
2*elpd_loo; elpd_diff: difference of elpd between the first and second model, when positive then the expected
predictive accuracy for the second model is higher. A negative elpd diff favors the first model. *elpd diff>4 and
elpd_diff>se diff are criteria for significant model difference; No model difference can be observe in this table
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estimate of the actual presentation rate in the tumor microenvironment. IMMs were defined as
missense mutations with at least one predicted mutation-association neoantigen (MANA) with an
HLA affinity ranking at the 0.001 percentile for a given HLA haplotype. I computed IMM
burden values for each tumor by counting IMMs, defined as mutations that produce at least one

predicted MANA with affinity ranking as described above.

3.3.4 Statistical Analyses

The two-sided Mann-Whitney U test was used to evaluate differences in IMM burden
and TMB with respect to DCB and NDB groups across all cohorts. For survival analysis, high
IMM burden tumors were ranked in the fourth quartile (top 25%) of their cohort and low IMM
burden individuals ranked in the first three quartiles (bottom 75%). NSCLC and melanoma
cohorts were grouped by cancer type and analyzed with Bayesian Survival models [111] to
confirm the absence of cohort effects. For each cancer type, IMM burden data was fit to three
models: a model with constant cohort effect, a model with cohort effect varying with IMM
burdens, and a model with no cohort effects. The fit of the three models to the data was
compared in a leave-one-out (loo) fashion and pairwise expected log pointwise predictive density
difference (elpd_diff) was reported. Through comparisons of elpd_diff, while the model with no
cohort effect was found to be the best fitting model (Table 3.2), all three models were found to
be equivalent. As such, downstream survival analyses were done with cohorts of the same cancer
types grouped together to increase statistical power. Kaplan-Meier curves were used to visualize
differences in survival for patients with high and low IMM burden tumors. Survival differences
between groups were compared with a two-sided log-rank test, hazard ratios were calculated by

univariate Cox regressions. Multivariate Cox regression was used to evaluate the impact of
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established factors on patient survival. Hazard ratios and p values from the Wald test were
reported. A p value threshold of 0.05 was used as the indication for statistical significance, and
Benjamini-Hochberg FDR correction was applied. For correlation analyses, I used pairwise

Spearman correlations, and p values were reported with Benjamini-Hochberg FDR corrections.

3.3.5 HLA class II IMM burden is linked with clinical benefit from ICB

A total of 5,639 HLA class Il IMMs were identified in tumor samples from 233
individuals across all four NSCLC and melanoma cohorts. In NSCLC, average (+ standard error)
HLA class IT IMM burden was 8.6+0.95 (Anagnostou NSCLC) and 10.94+2.65
(Rizvi_NSCLC), while in melanoma, average HLA class II IMM burden was 41.48+8.25
(Anagnostou Meanoma) and 40.39+5.96 (Snyder Melanoma). I did not detect a difference in
HLA class IT IMM burden distributions between cohorts within tumor types (NSCLC cohorts
MW p=0.19; Melanoma cohorts MW p=0.50). HLA class II IMM burdens in the NSCLC
(median=6 mutations) and melanoma cohorts (median=25 mutations) were an order of
magnitude smaller than TMB in NSCLC (median=97 mutations) and melanoma (median=283
mutations). Additionally, HLA class II IMM burdens were smaller than HLA class I IMM

burdens in NSCLC (median=13 mutations) and melanoma (median=43 mutations).

In all four cohorts, the HLA class II IMM burden of tumors responding to therapy was
consistently higher than that of non-responding tumors (Anagnostou NSCLC Mann Whitney U
test (MW) p=0.00032; Rizvi NSCLC MW p=0.0096; Anagnostou Melanoma MW p=0.001;
Snyder Melanoma MW p=0.0011; Figure 3.1A-D). HLA class II IMM burdens were highly
correlated with TMB (Pearson R=0.96, P<0.0001), as well as with HLA class [ IMM burdens

(Pearson r=0.95, p<0.0001) and with HLA class | MANA burdens (Pearson r=0.94, p<0.0001).
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Figure 3.1 HLA class Il immunogenic mutation burden is a marker for patient response and survival. (A)-(D)
HLA class II IMM burden and TMB both separate responder and non-responder groups in all four cohorts
(Anagnostou NSCLC HLA II IMM burden MW P = 0.0003, TMB MW P = 0.0018; Rizvi NSCLC HLA Il IMM
burden MW P = 0.0096, TMB MW P = 0.00098; Anagnostou melanoma HLA II IMM burden MW P = 0.001, TMB
MW P =0.0019; Snyder melanoma HLA II IMM burden MW P = 0.0011, TMB MW P = 0.0045). HLA class II
IMM burden was an order of magnitude smaller than TMB. (E-H) Patients were stratified into high (top 25%) and
low (bottom 75%) groups based on their HLA class II IMM burden or TMB for survival analyses. Cohorts of the
same tumor type were grouped. Kaplan Meier curves were plotted to show survival differences. (E) High HLA class
IT IMM burden was associated with longer progression-free survival in NSCLC cohorts (log rank P = 0.0002, HR =
0.37,95% CI 0.21-0.64). (F) High HLA class II immunogenic mutation burden was trending towards significantly
longer OS in melanoma cohorts (log rank P =0.095, HR = 0.53, CI 0.25-1.13). (G) TMB-high group was
significantly associated with longer PFS in NSCLC cohorts (log rank P = 0.0033, HR = 0.46, CI 0.27-0.78). (H) No
survival benefit was observed in the TMB-high group of the melanoma cohorts (log rank P = 0.67, HR = 0.87, CI
0.44-1.70). P values were calculated based on the log rank test; a P value of 0.05 was used for significance level.

less than one third of HLA class IT IMMs (1653 out of 5,639, 29%) overlapped with HLA class I

IMMs.

For survival analysis, patients were first stratified into high burden (top 25%) and low

burden groups (bottom 75%) in their respective tumor types; no cohort bias towards HLA class

IT IMM high or low burden was seen in either tumor type (Fisher's exact test p=0.8235 for

NSCLC, p=1.0, for melanoma). Higher HLA class II IMM burden was associated with longer

progression-free survival (PFS) in the NSCLC cohorts (log rank p=0.0002, HR=0.37, 95% CI:
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0.21-0.64; Figure 3.1E) while a trend towards longer OS was noted in the melanoma cohorts (log
rank p=0.095, HR=0.53, 95% CI: 0.25-1.13; Figure 3.1F). High TMB was significantly
associated with longer PFS in the NSCLC cohorts (log rank p=0.0033, HR=0.46, 95% CI:0.27-
0.78; Figure 3.1G), but not in the melanoma cohorts (log rank p=0.67, HR=0.87, 95% CI:0.44-
1.70; Figure 3.1H). The improved prognostic value of HLA class II IMMs in the melanoma
cohorts can be explained by re-categorization of 5 responding tumors from the TMB low group
into the HLA class II IMM high group (Figure 3.2A). Notably, there was an increased survival
benefit of patients with HLA class II IMM burdens in the top quartile (top 25%) compared to the
lowest quartile (bottom 25%) in the melanoma cohorts (log rank p=0.01, HR=0.35, CI:0.15-0.82;
Figure 3.2B). HLA class | MANA burden was associated with survival in NSCLC but not in
melanoma cohorts (NSCLC: log rank p=0.0004, HR=0.37, CI:0.21-0.65; Melanoma: log rank
p=0.33, HR=0.71, CI:0.35-1.43). When HLA class | MANA and class II IMM burdens were
combined, the association with survival persisted in NSCLC cohorts (HLA class I and class 11
IMM intersection: NSCLC: log rank p=0.0005, HR=0.37, CI=0.21-0.66; Melanoma: log rank
p=0.12, HR=0.55, CI=0.26-1.18; overall HLA class I and class II IMMs: NSCLC: log rank
p=0.0003, HR=0.37, C1=0.21-0.65; Melanoma: log rank p=0.12, HR=0.55, CI=0.26-1.18)

(Figure 3.2C-D).
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Figure 3.2 Cohort TMB, HLA class I and II IMMs and MANA landscapes and survival analyses A) Samples
assigned in different burden groups when using HLA class II IMM burden compared to TMB in NSCLC and
melanoma cohorts. Different assignment of 10 samples in melanoma cohorts explained the improvement of survival
stratification. B) Significant survival difference was observed when comparing samples with HLA class II IMM
burden in the first quartile and samples with HLA 11 IMM burden in the last quartile for both NSCLC (log rank
p=0.0027, HR=0.36, CI:0.18-0.72) and melanoma (log rank p=0.011, HR=0.35, CI.0.15-0.82) cohorts. C-D Survival
difference between the high and low burden groups stratified by HLA class | MANA burden, HLA class Il IMM
burden, Intersect IMM burden of HLA class I and II IMMs and Overall unique HLA class I and II IMMs in
NSCLC and melanoma cohorts. C) Significant survival differences were observed for all stratification methods,
while HLA class II IMM burden showed the greatest difference (log rank p=0.0002, HR=0.37, CI: 0.21-0.63) in
NSCLC cohorts. D) Survival differences observed were not significant for all stratification methods, but HLA class
II IMM burden trended towards longer OS (log rank p=0.0953, HR=0.53, CI:0.25-1.13) in melanoma cohorts.
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3.4 Assessment of HLA Il IMM clonality and tumor heterogeneity
3.4.1 Mutation clonality calls

To identify clonal and subclonal mutations, the cancer cell fraction of each tumor
mutation was estimated. The observed variant allele fraction (Vexp) of the mutation was modeled
by considering the sample purity (o), the copy number of the mutated locus in tumor (nt) and

normal (nn), mutation cellular fraction (C) and mutation multiplicity (m).

_ mCa
T ang+ (1—a)ny

Vexp

The mutation multiplicity m represents the integer number of mutated copies.

A 95% confidence interval (CI) for the variable Vexp was constructed by using the distinct
mutant read counts and distinct coverage at of the mutated locus. Substitution of the other known
variable gave a confidence interval for the product m C. Mutations were classified into clonal
and subclonal categories based on the following rules. (1) If the CI for m C overlaps an integer
value, that value is estimated to indicate the multiplicity of the mutation and the mutation is
clonal (C=1). (2) If the upper bound of the CI for m C is below 1, the multiplicity is set to 1, and
the mutation is subclonal, unless the resulting estimate for C is within a tolerance threshold
(0.25) of 1. (3) If the CI for m C is above 1 and does not overlap any integer values, multiplicity
is greater than 1 and m is set such that the confidence interval for C falls within the expected
intervals of [0,1] [25, 112]. Forty samples across four cohorts with mutation purity too low to

analyze for copy number (<20%) were excluded from this analysis.

3.4.2 Intra-tumoral IMM heterogeneity analyses
Intra-tumoral HLA class I or IT IMM heterogeneity was assessed by determining the

fraction of subclonal IMMs as follows:
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Number of Subclonal IMMs in Tumor Sample

IMM Heterogeneity =

Total Number of IMMs in Tumor Sample

Samples with no IMMs were excluded from downstream analyses and IMM heterogeneity
thresholds of 0.05 and 0.1 were considered. This approach is similar to that of McGranahan et al.

[113].

3.4.3 Impact of HLA II IMM clonality and intra-tumoral heterogeneity

I evaluated the impact of clonal HLA class II IMMs on clinical outcomes by computing
the intra-tumor IMM heterogeneity (IMMuet) for each tumor. Using estimated mutation cancer
cell fractions and excluding samples with low purity (<20%), I assessed HLA class II IMM
clonalities for 193 tumor samples and found that 84.6% of identified IMMs were clonal. IMM het,
defined as the fraction of subclonal HLA class II IMMs, was similar in the melanoma (6.3%) and
NSCLC (5.8%) cohorts. While NSCLC tumors harboring high numbers of clonal IMMs
(top25%) had lower levels of IMMnet (MW p=0.059), this observation was not apparent for the
melanoma tumors analyzed (MW p=0.32). Patients with NSCLC tumors with high clonal HLA
class II IMM burden (top 25%) had a significantly longer PFS (log rank p=0.0001, HR=0.3 CI:
0.16-0.58; Figure 3.3A). In considering different IMMhret levels, patients with tumors harboring
low IMMhet and high clonal HLA class I1 IMM burden (top 25%) had longer PFS in the NSCLC
cohorts (IMMhet <0.05: log rank p=0.0041, HR=0.25, CI:0.09-0.7; IMMhet <0.1: log rank
p=0.0009, HR=0.32, CI:0.16-0.65; Figure 3.3B-C). These findings did not reach statistical
significance in the melanoma cohorts (clonal HLA class II IMM burden without IMMhpet: log
rank p=0.4, HR=0.72, CI:0.32-1.64; with IMMhet<0.05: log rank p=0.27, HR=0.56, CI.0.2-1.57;
with IMMhet<0.1: log rank p=0.49, HR=0.74, C1:0.31-1.76; Figure 3.3D-F). IMMhet alone was

not correlated with PFS in the NSCLC cohorts (IMM#net<=0.05, Log Rank p=0.83, HR=1.05,
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CI:0.65-1.71; IMMnet<=0.1, Log Rank p=0.22, HR=0.73, CI:0.44-1.22) or OS in the melanoma
cohorts (IMMnet<=0.05, Log Rank p=0.84, HR=0.93, CI:0.49-1.79; IMMhet<0.1, Log Rank

p=0.66, HR=0.84, CI:0.4-1.78).
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Figure 3.3 Impact of clonality and tumor heterogeneity on patient survival. Clonality of IMMs was determined
using mutation cellular fractions. Samples with low purity (a threshold of 20%) were excluded from this analysis.
Patients were stratified into high (top 25%) and low (bottom 75%) groups based on their clonal HLA class IT IMM
burden. For the NSCLC cohorts, a total of 99 samples passed the purity threshold; for melanoma cohorts, a total of
94 samples passed the purity threshold. Intratumoral IMM heterogeneity (IMMhet) was defined as the fraction of
subclonal IMMs. (A) High clonal class I IMM burden without IMMhet thresholds showed significant association
with progression-free survival (PFS) in NSCLC cohorts [log rank P = 0.0001, HR = 0.3 confidence interval (CI)
0.16-0.58]. (B), (C) NSCLC tumors harbored high clonal HLA class II IMM burden combined with IMMhet
thresholds of <0.05 or <0.1 and had significantly longer PFS: (B) with IMMhet <0.05 (log rank P = 0.0041, HR =
0.25, C10.09-0.7), (C) with IMMhet <0.1 (log rank P = 0.0009, HR = 0.32, CI1 0.16-0.65). (D)-(F) Clonal HLA class
IT IMM burden with or without IMMhet thresholds did not show any association with overall survival (OS) in
melanoma cohorts: (D) without IMMhet (log rank P = 0.4, HR = 0.72 CI 0.33-1.56), (E) with IMMhet <0.05 (log
rank P =0.21, HR = 0.52, CI 0.18-1.46), (F) with IMMhet <0.1 (log rank P = 0.33, HR = 0.65, C1 0.27-1.56).

HLA, human leukocyte antigen; HR, hazard ratio; NSCLC, non-small-cell lung cancer.
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3.5 Impact of germline HLA class II variation in combination with HLA class

II IMM burden on clinical outcomes

I first considered the impact of patients’ HLA class II germline variation combined with
HLA class II IMM burden on survival. While I found no correlation between HLA class Il IMM
burden and the number of HLA class II heterozygous alleles for the HLA-DPA1, DPB1, DQAI,
DQBI1 or DRB1 genes (NSCLC cohorts: Spearman rho=-0.03, p=0.71; melanoma cohorts:
Spearman rho=0.08, p=0.39), the majority of cases analyzed harbored maximal HLA class II
germline heterozygosity, defined as 9 or 10 heterozygous HLA class II alleles (NSCLC cohorts:
78 out of 123, 63%; melanoma cohorts 80 out of 110, 72%). Maximal HLA class II germline
heterozygosity, when combined with high HLA class I IMM burden (top 25%), conferred
longer PFS in the NSCLC (log rank p=0.0002, HR=0.24, CI:0.11-0.54; Figure 3.4A), with a
trend towards longer OS in the melanoma cohorts (log rank p=0.12, HR=0.47, CI:0.8-1.26;
Figure 3.4B). Next, I controlled for either HLA class II IMM burden or HLA class II allele
counts to evaluate their contributions to survival benefit. Within the patient group with maximal
HLA class II heterozygosity, those with tumors harboring high HLA class II IMM burden had
improved PFS in the NSCLC cohorts (log rank p=0.0001, HR=0.24, CI:0.11-0.52; Figure 3.4C)
and OS in melanoma cohorts (log rank p=0.1, HR=0.49, CI:0.2-1.19; Figure 3.4D).

Of the HLA class II loci studied, heterozygosity at the HLA-DP locus (3 or 4 HLA-DP
alleles) combined with high HLA class II IMM burden (top 25%) showed an association with
longer PFS in the NSCLC cohorts (log rank p=0.0005, HR=0.26, CI:0.12-0.58; Figure 3.4E) and
a weak trend for longer OS in the melanoma cohorts (log rank p=0.0994, HR=0.41, CI1:014-1.23;
Figure 3.4F). When controlled for HLA-DP heterozygosity, I again noted an improved survival

in the HLA class II IMM high group compared to the low group in the NSCLC (log rank
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Figure 3.4 Impact of HLA class II alleles in combination with HLA class II immunogenic mutation burden on
patient outcome. (A), (B) Patients with the maximum heterozygous HLA class II alleles (9 or 10) and high HLA
class Il immunogenic mutation (IMM) burdens were found to have longer PFS in NSCLC cohorts (log rank P =
0.0002, HR = 0.24, CI 0.11-0.54), but not with OS in melanoma cohorts (log rank P = 0.12, HR =0.47, C1 0.18-
1.26). (C), (D) Within samples with maximum heterozygous HLA class II alleles, samples with high HLA class II
IMM burdens had improved PFS in NSCLC (log rank P = 0.0001, HR = 0.24, CI 0.11-0.54) and OS in melanoma
cohorts (log rank P =0.1, HR = 0.47, CI 0.18-1.26). (E), (F) Maximum heterozygosity in at least one of HLA-DPA1
and HLA-DPBI1 genes along with high HLA class II IMM was found to improve patient PFS in NSCLC cohorts
(log rank P =0.0005, HR = 0.26, CI 0.12-0.58) and resulted in a weak trend to longer OS in melanoma cohorts (log
rank P =0.099, HR = 0.41, CI 0.14-1.23). (G), (H) Within samples with more than 3 HLA-DP alleles, those with
high HLA class II IMM burden had further improvements in PFS of NSCLC cohorts (log rank = 0.0001, HR = 0.27,
CI 0.14-0.55) and OS in melanoma cohorts (log rank P = 0.063, HR = 0.45, CI1 0.19-1.07). Log rank P values are
reported.

p=0.0001, HR=0.27, CI:0.14-0.55; Figure 3.4G), and melanoma cohorts (log rank p=0.063,
HR=0.45, CI:0.19-1.07; Figure 3.4H). HLA-DPB1 or HLA-DPA1 heterozygosity combined with
high HLA class II IMM burden was also significantly associated with PFS in NSCLC cohorts
(log rank p=0.0039, HR=0.16, CI:0.04-0.66 and log rank p=0.0005, HR=0.26, CI:0.12-0.58
respectively; Figure 3.5A). However, HLA-DPA1 or HLA-DPB1 heterozygosity when combined
with HLA class II IMM burden was not associated with OS in the melanoma cohorts (log rank
p=0.27, HR=0.46, CI:0.11-1.91 and log rank p=0.17, HR=0.48, CI:0.16-1.43 respectively; Figure
3.5B). Additionally, heterozygosity on its own at any of the loci did not show association with

PFS in NSCLC (Figure 3.5C), whereas HLA-DPA1 heterozygosity on its own (log rank
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Figure 3.5 Different HLA class II genotype variation’s impact on survival. (A),(B). Survival benefits of all five
HLA class II genotypes (HLA-DPA1, DPB1, DQA1, DQB1 and DRB1) variation in combination with HLA class II
IMM burdens for NSCLC and melanoma cohorts. (C),(D) Survival difference of heterozygous vs homozygous
samples for each of the HLA class II genotypes in NSCLC and melanoma cohorts. (E),(F) Number of samples
heterozygous or homozygous for all HLA class II genotypes. High HLA class II IMM burden did not co-occurred
with HLA class II variation for any of the loci in NSCLC or melanoma cohorts. HLA IT IMM high=top 25% burden,
HLA II IMM low=75% burden. (G) Number of HLA class IT IMMs had the strongest binding by HLA-DP, HLA-
DQ and HLA-DR. Of the total 5639 HLA class Il IMMs identified, HLA-DQ had the strongest binding at the
highest frequency while HLA-DR had the lowest frequency.
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p=0.042, HR=0.42, CI:0.18-0.99) was associated with longer OS in the Melanoma cohorts
(Figure 3.5D). Co-occurrence of heterozygosity at any of the HLA class II loci and high HLA
class II IMM burden was not observed in either NSCLC or Melanoma cohorts (Figure 3.5E-F).
Lastly, the binding preferences of HLA class II molecules were investigated. HLA-DQ
complexes have previously been found to preferentially bind human proteins compared to HLA -
DRs [114]. My findings corroborated this result, as the MANAs associated with the 5,639 HLA

class II IMMs had the strongest binding to HLA-DQ alleles (Figure 3.5G).

3.6 HLA II IMM burden compared to known factors in association to survival

outcomes

Established factors, such as programmed death-ligand 1 (PD-L1) expression and smoking
status, have previously been shown to impact clinical outcomes for patients with NSCLC treated
with immune checkpoint blockade [115, 116]. Here, to ensure consistency between the
categorical PD-L1 expression values in the Rizvi NSCLC cohort and the continuous values from
the Anagnostou NSCLC cohort, I categorized the continuous values into Strong (>= 50%
membranous staining), Weak (1-49% membranous staining), Negative (<1% membranous) and
Unknown (unassessed) groups. PD-L1 was stained for tumor cells in Anagnostou NSCLC
cohort, and it was stained for tumor and immune infiltrating cells in Rizvi NSCLC cohort.

I found that NSCLC tumors with a high HLA class Il IMM burden showed positive PD-
L1 expression (Fisher exact test p=0.024), but the levels of PD-L1 expression did not
monotonically correlate with levels of HLA class IT IMM burdens (Spearman rho=0.07, p=0.57).
A high HLA class Il IMM burden was also correlated with current or former smoking status

(Fisher Exact test p=5.47e-5), as well as with number of pack-years in a subset of patients
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HLA Il IMMs - E 0.01 0.96 (0.93-0.99)
Germline HLA Il _ - 0.23 0.88 (0.71-1.08)
Heterozygosity E
Age - = 0.03 0.97 (0.94-1.0)
Smoking - —a— 0.06 0.63 (0.39-1.02)
PD-L1 - e i 0.01 0.65 (0.48-0.89)
05 0.0 0.5 1.0 1.5 2.0 25
B Melanoma Pvalue HR (95%Cl)
HLA Il IMMs - " 0.06 0.99 (0.98-1.0)
Germline HLA 1l _ : )
Heterozygosity T 0.49 0.92 (0.71-1.18)
Age - i 0.66 1.0 (0.97-1.02)
05 0.0 0.5 1.0 1.5 2.0 25
HazardRatio (HR)

Figure 3.6 Associations between established factors and patient survival. Established factors of age, smoking
status, and PD-L1 expression and HLA class Il immunogenic mutation (IMM) burdens were analyzed through
multivariate Cox survival models to understand their impact on patient survival. Smoking status was categorized
into three groups—never smoker = 0, former smoker = 1, and current smoker = 2. PD-L1 expression levels were
assigned into four groups: strong (=50% membranous staining) = 2, weak (1%-49% membranous staining) = 1,
negative (<1% membranous staining) = 0, and unassessed. Patients with unassessed PD-L1 expression were
excluded in this analysis. HLA class II IMM burdens, as a continuous variable, indicated the number of IMMs a
sample had. Germline HLA class II heterozygosity, as a continuous variable, indicated the numbers of unique HLA
class II alleles a sample had. (A) HLA class II IMM burden (Wald test P = 0.01, HR = 0.96, CI 0.93-0.99), age
(Wald test P=0.03, HR = 0.97, C1 0.94-1.0) and PD-L1 tumor expression (Wald test P =0.01, HR = 0.65, CI 0.48-
0.89) were found to reduce survival hazard in NSCLC cohorts. (B) Only HLA class II IMM burden had a trend
towards significant effects in reducing survival hazard in melanoma cohorts (Wald test P = 0.06, HR = 0.99, CI
0.98-1.0).

(Spearman rho=0.36, p=0.037). I subsequently analyzed the interactions of HLA class 11 IMM
burden, patient demographics and PD-L1 expression and smoking in a multivariate Cox survival
model. For the NSCLC cohorts, continuous HLA class II IMM burden (Wald Test p=0.01,
HR=0.96, 95% CI:0.93-0.99), age (Wald Test p=0.03, HR=0.97, 95% CI=0.94-1.0) and PD-L1
expression (Wald Test p=0.01, HR=0.65, 95% CI:0.48-0.89) were independently associated with

favorable PFS (Figure 3.6A). For the melanoma cohorts, I found a trend towards an independent
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association between HLA class IT IMM burden and OS (Wald Test p=0.06, HR=0.99, 95%
CI:0.98-1.0; Figure 3.6B). The number of heterozygous HLA class II alleles, as a continuous

variable, was not independently associated with survival in either cohort type (Figure 3.6).

3.7 Treatment effect

To establish the impact of treatment effects on my analysis, I compared the differential survival
benefits overall and in high or low HLA class II IMM burden groups across varied treatments.
In NSCLC cohorts, I found a high number of HLA class II IMMs harbored by

patients treated with Anti-PD1+chemo (n=2) (ANOVA p=0.0062), but no differential survival
benefits (Figure 3.7). For melanoma cohorts, there was no difference in HLA class Il IMM
burden across treatment groups, but I saw a survival benefit for patients with low HLA class II
IMMs treated with Tremelimumab (n=2) (Figure 3.8). However, in both cases, the treatment
groups consisted of 2 samples and were not likely to be representative of the cohorts. In terms of
standalone or combination effects of Anti-PD1 or of Anti-CTL4 treatments, I did not see any
differential survival benefit overall or in high or low HLA class II IMM burden groups (Figure

3.7-3.8).
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Figure 3.7 Treatment effect of NSCLC cohorts. (A) Higher numbers of HLA class II IMM burdens were observed
in samples treated with anti-PD1+chemo (ANOVA p=0.0062). (B) Responders treated with Anti-PD1
(Pembrolizumab and Nivolumab) alone had higher numbers of HLA class II IMMs than Non-responders. (C)
Number of samples classified in HLA class II IMM burden high and low groups in different treatment groups. (D)
No survival difference was observed of samples that went through different treatment plans. (E) Treatment were
separated into Anti-PD1 only vs Anti-PD1+other treatment forms. No survival difference was observed for different
treatment categories. (F) Between the two Anti-PD1 treatments (Pembrolizumab and Nivolumab), no survival
difference was observed either.
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Figure 3.8 Treatment effects of Melanoma Cohorts. (A) No difference of HLA class Il IMM burdens was
observed in samples with different treatment plans. (B) Responding tumor treated with Anti-CTL4 (ipilimumab)
alone (MW p=0.006) and Anti-CTL4+antiPD1 (MW p<0.001) had higher numbers of HLA class II IMMs than non-
responding tumors (C) Number of samples classified in HLA class II IMM burden high and low groups in different
treatment groups. (D) For HLA class IT IMM low samples, those that were treated with tremelimumab (Anti-CTL4,
n=2) had lower survival than samples with other treatments (log rank p=0.0027). (E) Treatment were separated into
Anti-PD1 only, Anti-CTL4 only and Dual treatments of Anti-PD1+Anti-CTL4. No survival difference was observed
for different treatment categories
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3.8 High HLA class II IMM burden is associated with an inflamed tumor
microenvironment

3.8.1 RNA sequencing Analyses for TIL compositions showed association with high
expression levels of CD4+ T cells

RNA sequencing and TCR sequencing data from the Anagnostou Melanoma cohort were
used to assess Tumor Infiltration Leukocyte (TIL) compositions. In brief, paired-end RNA
sequencing data were aligned with the STAR pipeline [117] and filtered with Picard Tools
(https://broadinstitute.github.io/picard/) using the MarkDuplicates filter. Normalized expression
data (normalized with RSEM v1.2.30 [80] using the strand-specific mode, reported in transcripts
per million (TPM)) were then input into CIBERSORT v1.06 [92] for 22 immune cell types’
absolute compositions. Absolute composition values of all 22 immune cell types were first
correlated with HLA class II burdens using Spearman correlation, and then they were analyzed for
differential comparison between high and low HLA class I IMM burden groups using two-sided
Mann-Whitney U test. All statistical analyses were corrected by Benjamini-Hochberg method to
minimize false discoveries.

RNA sequence data deconvolution revealed that densities of pre-treatment activated CD4+
memory T-cells and M0 macrophages in the TME were positively correlated with HLA class 11
IMM burden (Spearman rho=0.39, p=0.01, FDR p=0.12 and Spearman rho=0.45, p=0.003, FDR
p=0.08 respectively; Figure 3.9A). Next, immune cell fractions were compared in the TME of
tumors with high (top 25%) versus low HLA class II IMM burdens (bottom 75%). Activated
memory CD4+ T-cells and T follicular helper cells were significantly more abundant in the TME
of high HLA class II IMM burden tumors prior to ICB (MW p=0.022 and p=0.028 respectively;

Figure 3.9B). A trend towards higher abundance of CD8+ T-cells and M1 macrophages was also
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Figure 3.9 Correlation between HLA class Il immunogenic mutation burden and pretreatment tumor
infiltration lymphocytes in melanoma. (A) Pairwise Spearman correlations between pretreatment immune cell
subsets (determined by RNA sequencing data deconvolution or TCR sequencing) and HLA class I IMM load. A
positive correlation was found between HLA class II IMM burden and pretreatment MO macrophages (Spearman’s
rho = 0.45, P = 0.003, FDR P = 0.08), and CD4+ memory activated T cells (Spearman’s rho = 0.39, P=0.01, FDR P
=0.12). (B) Tumor infiltration lymphocyte levels in high and low HLA class IMM burden groups were compared.
Pretreatment CD4+ memory activated T cells (Mann—Whitney P = 0.022) and T follicular helper cells (Mann—
Whitney P = 0.028) were found to have a significantly increased expression level in the high burden group. CD8+ T
cells (Mann—Whitney P = 0.081) and M1 macrophages (Mann—Whitney P = 0.1) had higher expression levels in
high HLA class II IMM burden group trending towards significance. Thin black lines indicate individual samples in
the group of interest. Thick black line indicates the average of the group. Purple shading indicates the distributions
of HLA class II IMM burden high groups, and the dark khaki shading indicates the distributions of HLA class II
IMM burden low groups.

FDR, false discovery rate calculated with Benjamini-Hochberg method; HLA, human leukocyte antigen; IMM,
immunogenic mutation; NK, natural killer; TCR, T-cell receptor. *FDR adjusted P < 0.2. *xFDR adjusted P <0.1.

noted in the TME of high HLA class II IMM burden tumors (MW P=0.081 and 0.1 respectively;

Figure 3.9B).

3.8.2 Gene Set Enrichment Analysis showed enrichments of TCR and BCR activation
signals both at baseline and on treatment in HLA class IT IMM high patients

Differential expression analysis was performed using a negative binomial model with the
DESeq2 package[118] to compare pre-therapy and on-therapy RNA sequencing data from the
Anagnostou-Melanoma cohort. Genes were tested for differential expression based on High (top

25%) and Low (bottom 75%) groups, as defined by HLA class II IMM burden, TMB or HLA
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class | MANA burdens. The resulting statistics were used to generate gene level rankings for
input to gene set enrichment analysis with fgsea[119]. The scores were defined as -log(p) *
sign(fc) where p 1s the p-value from the negative binomial model and fc is fold-change between
the High and Low groups. A selection of 58 gene sets were used, including Hallmark
inflammatory response sets and gene sets associated with antigen specific response, TCR/BCR
signaling and other type 2 immune response[ 120-133].

Based on the GSEA, I found an over-representation of interferon-y response gene sets in
the HLA class I IMM high tumors prior to immune checkpoint blockade (FDR p=5.31e-16).
Prominent enrichments were also found in gene sets related to BCR/TCR signaling (FDR
p=2.03e-13 and 1.06e-11 respectively) and antigen presentation (FDR p=1.12e-7), particularly
MHC class II antigen presentation (FDR p=2.59¢-6) in pre-treatment tumors with a high HLA
class II IMM burden (Figure 3.10). Notably, immune checkpoint blockade induced an
upregulation of gene sets related to TCR/BCR signaling and IL2 STATS TCR activation in the
TME of HLA class I IMM high tumors that persisted during treatment (FDR p=4.91e-4, 4.91e-
4, and p=0.041 respectively; Figure 3.10). When patients were separated into TMB high/low
groups, TCR signaling (FDR p=4.84e-10 for
REACTOME DOWNSTREAM TCR_SIGNALING and 3.05¢-8 for
REACTOME TCR_SIGNALING), BCR signaling (FDR p=6.99¢-5), interferon gamma
response/inflammatory response (FDR p=3.05e-8 and 2.51e-4 respectively) and MHC class I and
IT antigen presentation (FDR p=2.32¢-2 and 2.28e-5 respectively) gene sets were enriched for
the TMB high group at baseline. While TCR signaling (FDR p=2.33e-2) enrichment in TMB
high group persisted on treatment, proinflammatory cytokine—interferon gamma (FDR p=4.28e-

2))—gene set was enriched in the TMB low group on treatment (Figure 3.11). When separating
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Figure 3.10 Gene set enrichment analyses for HLA class II immunogenic mutation burden-high and -low
group. A selection of 58 gene sets related to inflammatory response, antigen presentations, and type 2 immunity
were used to assess differences of gene expression in HLA class II IMM burden-high and -low groups. All the gene
sets that were significantly enriched in either the high or low groups are shown. The number of genes that
overlapped with gene sets overrepresented in the HLA class II IMM burden high group are shown in red, and the
number of genes that overlapped with gene sets overrepresented in the HLA class II IMM burden-low group are
shown in blue. Overall, 21 gene sets were enriched in the HLA class II IMM burden-high group at baseline. Six
gene sets continued to be enriched in this group on treatment. Particularly, strong inflammatory response, antigen
presentation, and T-cell receptor/B-cell receptor signaling gene set enrichments can be seen both at baseline and on
treatment.

HLA, human leukocyte antigen; IMM, immunogenic mutation; NES, normalized enrichment score; BCR, B-cell
receptor; TCR, T-cell receptor; IL, interleukin; JAK, Janus kinase; STAT, signal transducer and activator of
transcription 3; MHC, major histocompatibility complex; INFy, interferon gamma; DC, dendritic cell; TNF, tumor
necrosis factor; MCSF, macrophage colony-stimulating factor.
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Figure 3.11 Gene set enrichment analyses (GSEA) for tumor mutation burden (TMB) high and low group. A
selection of 58 genes sets related to inflammatory response, antigen presentations and type 2 immunity were used to
understand the difference of gene expression in TMB high and low groups. All the gene sets that were significantly
enriched in either the high or low groups are shown. Number of genes overlapped with gene sets that were
overrepresented in the TMB high group are shown in red, and number of genes overlapped with gene sets
overrepresented in the TMB low group are shown in blue. Overall, gene sets related to TCR/BCR signaling, MHC I
& II antigen presentation and inflammatory response were enriched in the TMB high group at baseline. TCR
signaling gene sets enrichment persisted in TMB high group on treatment, but interferon gamma gene response

related gene sets were enriched in TMB low group on treatment.
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Figure 3.12 Gene Set Enrichment Analyses for HLA I MANA burden high vs low samples. A selection of 55
genes sets related to inflammatory response, antigen presentations and type 2 immunity were used to understand the
difference of gene expression in HLA I MANA burden high and low groups. All the gene sets that were
significantly enriched in either the high or low groups are shown. Number of genes overlapped with gene sets that
were overrepresented in the HLA I MANA high burden group are shown in red, and number of genes overlapped
with gene sets overrepresented in the HLA I MANA burden low group are shown in blue. Overall, gene sets related
to TCR/BCR signaling, MHC I & II antigen presentation and inflammatory response were enriched in the HLA I
MANA high group at baseline. TCR signaling gene set enrichment persisted in HLA I MANA high group on
treatment.
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patients according to HLA class I MANA loads, I saw similar enrichments for TCR (FDR
p=2.82e-8 for REACTOME DOWNSTREAM TCR SIGNALING and 2.17e-6 for
REACTOME TCR SIGNALING), BCR signaling (FDR p=5.92¢-6) and MHC I and II antigen
presentation (FDR p=3.61e-3 and 2.10e-5 respectively) at baseline for the high group. Only
complement (FDR p=4.51e-4) and TCR signaling (FDR p=2.85e-2) were overrepresented in the
HLA class I high MANA load group (Figure 3.12). Collectively, my findings suggest an
inflamed TME for tumors harboring a high HLA class II burden with additional induction of

adaptive immunity cascades after treatment with immune checkpoint blockade.

3.9 HLA Class II IMM Expression

RNA sequencing data was also used to determine HLA class II IMM expression.
Immunogenic mutations were considered expressed if their genomic coordinates were spanned
by at least 3 reads as defined in previous publications [101]. An average 32% (0-100%) of the
identified HLA class II IMMs were expressed at baseline, and an average of 21% (0-100%) of
the identified HLA class I IMMs were expressed on-treatment. As expected, high HLA class 11
IMM burden indicated higher levels of expressed HLA class II IMMs pre-treatment (MW
p=1.26e-6) (Figure 3.13A). Responders also had significantly higher numbers of expressed HLA
class II IMMs at baseline (MW P=0.007) (Figure 3.13B). Additionally, patients with high levels
of expressed HLA class II IMM burdens trended towards longer overall survival (log rank
p=0.14, HR=0.24, CI.0.03-1.89) (Figure 3.13C). Overall, Isaw a slight, but not significant,
decrease in numbers of expressed HLA class II IMMs between baseline and on-treatment. This
decrease of expressed HLA class II IMMs was comparable between the high and low HLA class

IT IMM groups when normalized to baseline burdens (MW P=0.19) (Figure 3.13D).
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Figure 3.13 Expressed HLA class II IMM burdens. (A) Tumors that had high HLA class II IMMs had
significantly high numbers of expressed HLA class II IMM burden pre-treatment (MW p=1.26e-6), but not on-
treatment (MW p=0.32). (B) Responding tumors had significantly higher numbers of expressed HLA class Il IMMs
than non-responding tumors pre-treatment (MW p=0.007). Such difference is not seen on treatment (MW p=0.25).
(C) Patients with higher numbers of expressed HLA class II IMMs (top 25%) trended towards longer OS than those
with lower numbers of expressed HLA class II IMMs (bottom 75%) (log rank p=0.14, HR=0.25, CI:0.03-1.89). (D)
Changes of Expressed HLA class II IMMs normalized to pre-treatment counts are shown between the HLA class 11
IMM high vs low groups. No difference is seen between the high and low groups (MW p=0.36).

Overall, this work supports the importance of HLA class Il immunogenic mutations in
anti-tumor immune responses that are reflected in clinical outcomes for patients treated with
immune checkpoint blockade. Such efforts may inform selection criteria for the increasing
number of patients receiving cancer immunotherapy. Furthermore, my findings may inform
mutation selection for cancer vaccine approaches, expanding HLA class [-only neoepitope

vaccination strategies.
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Chapter 4 Sex-dimorphism assessed
through ICB-treated patients’

immunogenomic landscape

Sex-based response difference in ICB treated cohorts has been known. Here, I aimed to
shed light on such difference in exploring patients’ immunogenic landscape using the
MHCnuggets framework. First, I evaluated the background association between immunogenic
mutation load and HLA zygosity in a sex-dependent manner in NSCLC tumors from TCGA. To
explore sex-specific genomic features linked with ICB response, I analyzed whole exome
sequence data of two independent cohorts of patients with NSCLC treated with ICBs and
assessed differences in the MHC I and Il-restricted immunogenic mutation repertoire combined
with the germline and somatic HLA class I and II zygosity. My findings highlight sex-specific
differences in immunegenomic determinants of response to ICB that may impact clinical
decision making. This chapter is based on published work in Scott and Shao et al. 2022 [134],

further information and data are available at https://doi.org/10.3389/fonc.2022.945798.
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4.1 ICB-treated cohort compilation
4.1.1 Cohort characteristics

The primary NSCLC cohort consisted of 89 patients treated with ICB therapy at Johns
Hopkins Sidney Kimmel Cancer Center and the Nederlands Kanker Institute; whole exome
sequence and clinical metadata were retrieved from the original publication [25]. In addition to
sequence annotation of activating EGFR mutations, review of clinical next generation
sequencing data was performed to identify ALK, ROS1, and RET rearrangements. ALK
rearrangement status was not available for 7 of 89 tumors, ROS1 and RET rearrangement status
was not available for 13 tumors, including 2 in patients with no history of tobacco exposure (1
male and 1 female). Whole exome sequence data from a published cohort of 34 NSCLC patients
treated with PD-1 blockade (NSCLC validation cohort) were obtained and analyzed to validate
key findings from the primary NSCLC cohort[100]. Driver gene fusion analyses were not
available for this cohort. Genomic and demographic information of 286 lung adenocarcinoma
(LUAD) and 196 lung squamous cell carcinoma (LUSC) samples from The Cancer Genome
Atlas (TCGA) were retrieved from the NCI Genomic Data Commons
(https://gdc.cancer.gov/about-data/publications/mc3-2017). Clinical annotations of tumors and
structural variants including gene fusions were accessed using the TCGA clinical data resource

[135].

4.1.2 Definition of objective response to ICB treatments
ICB-treated patients were administered with anti-PD-1 or anti-PD-L1 therapy alone or in
combination with anti-CTLA-4 therapy or chemotherapy. Given the challenges with

conventional radiologic response assessments that may underestimate the unique patterns and
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timing of response to immune targeted therapies, I defined response as durable clinical benefit if
complete response, partial response, or stable disease was achieved with a duration of >6
months. Responding and non-responding tumors, therefore, refer to patients attaining durable
clinical benefit (DCB) and non-durable clinical benefit (NDB), respectively. Overall survival
was used to determine long-term outcome for the primary NSCLC cohort. Progression free

survival only was available for the NSCLC validation cohort.

4.2 Identification of putative immunogenic mutations.

4.2.1 Somatic mutation extraction.

Missense somatic mutation calls for both primary and validation cohorts were extracted
from the original publications [25, 136]. Missense somatic mutation calls for the TCGA samples
were obtained from Multi-Center Mutation Calling in Multiple Cancers (MC3;

https://gdc.cancer.gov/about-data/publications/mc3-2017).

4.2.2 HLA genotyping

HLA class I and class I germline genotypes for both primary and validation cohorts were
identified as previously described [25, 93]. In brief, using whole exome sequencing, each
samples’ HLA class I germline haplotype (HLA-A, HLA-B, and HLA-C) were identified with
OptiType [81]. For HLA class II haplotypes, an ensemble approach utilizing SOAP-HLA [108]
and xHLA [109] was employed such that xHLA was used to determine HLA-DPBI1, HLA-
DQBI1 and HLA-DRBI1 haplotypes while SOAP-HLA was used to determine HLA-DPAT1 and

HLA-DQAT haplotypes. HLA class I germline genotypes for TCGA NSCLC samples were
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obtained from the TCGA landscape publication [79] that utilized OptiType [81], while HLA

class II germline genotypes were retrieved from the publication of Marty-Pyke et al., 2018 [137].

4.2.3 Immunogenic mutation (IMM) calls

The burdens of immunogenic mutations (IMM) were computed as described in Chapter 3
and previous publication [93]. In brief, using varcode (https://github.com/openvax/varcode),
silent and nonsense mutations were filtered out of each patient’s mutation profiles, and mutant
peptide sequences surrounding the affected amino acid for all missense mutations were
extracted. Windowing around the affected amino acid, 8-11mers were extracted for HLA class I
analyses, and 12-20mers, HLA class II analyses. Next, I employed MHCnuggets [31] to obtain
the ranks of the binding affinities of all the mutation containing peptides against the respective
HLA class I and II haplotypes of the patients[93]. Each candidate peptide’s predicted MHC
binding affinities were compared against the MHC binding affinities of a list of 100,000 human
proteome peptides[93]. Using a rank threshold of 0.01, I considered all the epitopes with
predicted binding affinity over this rank immunogenic neoantigens. A putative IMM was thus
defined as a missense mutation that contain as least one predicted mutation-associated

neoantigens (MANA) fulfilling these criteria.

4.3 HLA loss of heterozygosity analyses

For the primary and validation cohorts, loss of HLA class I germline molecules in the
tumors were determined by LOHHLA [138], for which allele specific copy numbers of HLA
class I locus were realigned to patient specific reference sequences and corrected by tumor purity

and ploidy. Tumor purity and ploidy were assessed in each sample analyzed as described
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previously [25]. In brief, somatic copy number profiles were first determined by mapping reads
to exonic and intronic regions (bins) of the genome while correcting for region size, CG content
and sequence complexity [139]. Next, tumor copy number profiles were compared to a reference
panel of matched normal samples to derive copy ratio values. Circular binary segmentation [140]
was next applied to copy ratio profiles to determine genomic segment boundaries. Segmental
copy ratio values and minor allele frequency of heterozygous single nucleotide polymorphisms
(SNPs) overlapping the segment were used to estimate tumor purity and ploidy throughout the
genome; all possible combination of tumor purity and ploidy were evaluated for the optimal
combination based on maximum likelihood estimation. For HLA class II germline molecule loss
in the tumors and all HLA molecule loss in the TCGA samples, the minor allele copy numbers
were utilized as previously described [25]. Briefly, loss of heterozygosity (LOH) occurred when
minor allele copy number of the overlapping genomic region equaled zero. HLA allele specific
copy number information of the TCGA samples were obtained from analyses of SNP6 copy

number array data on Synapse (https://www.synapse.org/#!Synapse:syn1710464).

4.4 Mutational signatures extraction

The contribution of smoking-related mutational signatures in the mutational spectra of
NSCLC tumors in the primary and validation cohorts were extracted from the original
publication [25]. In brief, the deconstructSigs R package was utilized [141] to calculate the
contribution of COSMIC smoking signature 4 from all the coding point mutations in their

trinucleotide context [142].
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4.5 Statistical analysis

Differences between responding and non-responding tumors were evaluated using chi-
squared or Fisher’s exact test for categorical variables and the Mann-Whitney (MW) test for
continuous variables. Where noted, tumors were classified based on their missense tumor
mutational burden (TMB) or IMM load as high or low using the second tertile as a cut-off point.
Median point estimate and 95% confidence interval (CI) for overall survival and progression free
survival were estimated by the Kaplan-Meier method and survival curves were compared
through the nonparametric log-rank test. Univariate Cox proportional hazards regression analysis
was used to determine the impact of individual parameters on survival outcomes. All p values

were based on two-sided testing and differences were considered significant at p < 0.05.

4.6 Sex-dependent association between immunogenic mutation load and HLA

Zygosity

Cancer immunoediting selects tumor clones that escape immune control throughout
tumorigenesis and cancer evolution likely in a sex-specific immune context [143, 144]. To
investigate sex-based background differences in the immunogenomic landscape of NSCLC
tumors independent of therapy, I analyzed HLA zygosity and IMM load in 482 lung cancer
tumors from TCGA, including 279 males and 203 females. In males, Idid not detect an
association between tumor IMM load and germline HLA class I or class II homozygosity (HLA
class | MW p=0.64, HLA class I MW p=0.64; Figures 4.1A-B).

Interestingly, and in contrast with previous findings pointing towards a lack of
association between HLA germline diversity and TMB [25], the tumor IMM load in females was

positively correlated with germline HLA allele diversity, particularly for HLA class II associated
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Figure 4.1 Background immunogenic mutation association with HLA diversity in TCGA-NSCLC cohort. (A)
No association between class I IMM loads and tumor HLA I diversities was found in either males (MW p=0.64) or
females (MW p=0.24). (B) Female tumors with high germline HLA 1II diversity had significantly higher class II
IMM loads (MW p=0.01). Male tumors did not show class II IMM load difference between the high germline HLA
II diversity and the low germline HLA II diversity groups (MW p=0.64). (C) No association between loss of
heterozygosity (LOH) of HLA I alleles and class I IMM loads were identified in either males (MW p=0.43) or
females (MW p=0.89). (D) Female tumors lost >1 HLA II alleles had higher class II IMM loads than those with no
LOH (MW p=0.01). LOH for HLA 1I alleles did not associate with class II IMM load difference in male tumors
(MW p=0.20).

68



CHAPTER 4. SEX-DIMORPHISM ASSESSED THROUGH ICB-TREATED PATIENTS’
IMMUNOGENOMIC LANDSCAPE

IMMs. Among female patients with germline homozygosity in two or more HLA class II alleles,
the median predicted class II IMM load was 68.5 as compared to 95 among tumors in females
with the most diverse HLA class II repertoire (MW p=0.01; Figure 4.1B). In contrast, the median
class II IMM load among males with germline HLA-II homozygosity was 90, as compared to 94
among those with more diverse HLA-II alleles (MW p=0.64). When excluding 45 patients (15
male, 30 female) with activating EGFR mutations or ALK, ROS1, or RET gene fusions, this
trend persisted in females, with median tumor class II IMM load of 103 in patients with at least 9
unique germline HLA-II alleles, as compared to 88 in patients with a higher degree of germline

HLA homozygosity (MW p=0.06).

While germline HLA repertoire contributes to tumor-immune recognition and
immunoediting, tumors with high neoantigen burdens may escape immune surveillance by
somatic loss of heterozygosity of HLA alleles [138]. In considering the role of somatic loss of
heterozygosity in tumor evolution as a means of immune evasion, I next classified tumors with at
least one fewer unique HLA allele in tumor as compared to germline and observed that loss of
heterozygosity at the HLA-II locus was associated with high class II IMM load only in females
(MW p=0.014; Figures 4.1C-D). Again, this association persisted when tumors with EGFR,

ALK, ROSI, or RET driver mutations were excluded (MW p=0.02).

4.7 HLA class I and II immunogenic mutation load predict ICB response in

females

The primary NSCLC cohort (Anagnostou) included 89 adults with NSCLC treated with
ICB therapy, consisting of 46 male and 43 female patients with a median age at ICB treatment

initiation of 64 years. The NSCLC validation cohort (Rizvi) included 34 adults with NSCLC
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treated with pembrolizumab, consisting of 16 male and 18 female patients with a median age of
62.5 years. Demographic, tumor, and treatment information for both cohorts have been
previously published [25, 100]. Two patients in the primary NSCLC cohort were not evaluable
for the durable clinical benefit endpoint.

No significant baseline differences were observed between NSCLC tumors of males and
females with respect to TMB, class I IMM load, class II IMM load, or mutational smoking

signature (for all comparisons MW p=0.8). Similarly, there was no significant difference in rate

of durable clinical benefit (DCB; Fisher’s Exact p=1.0), progression free survival (log-rank
p=0.94, HR=1.02, 95% CI 0.62-1.68) or overall survival (log-rank p=0.39, HR=1.31, 95% CI
0.7-2.42) between males and females following ICB therapy.

To investigate the difference in immunogenomic features predicting ICB response
between males and females, [ measured TMB, class I and II IMM load, and mutational smoking
signature in responding and non-responding tumors by each sex. In female patients, DCB
following ICB therapy was significantly associated with higher TMB (MW p=0.005), class I
IMM load (MW p=0.005), class II IMM load (MW p=0.004), and mutational smoking signature
(MW p=0.0006), while none of these features were significantly different between responding
and non-responding tumors in male patients (Figures 4.2A-D).

In order to incorporate the effect of gender- or sex-biased differences like tobacco
exposure and prevalence of tumors with driver mutations that typically do not respond to ICB
therapy [145, 146], I further stratified the primary cohort by tobacco history and driver gene
mutation status. Six tumors harbored activating EGFR mutations, while no fusions of ALK,
ROSI, or RET were detected in those with available testing. As expected, none of the six tumors

harboring activating EGFR alterations (5 female, 1 male) demonstrated DCB in response to ICB
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Figure 4.2 Immunogenic mutation load distinguishes responding from non-responding tumors in females who
received immune checkpoint blockade. In the primary NSCLC cohort (Anagnostou), (A) female responding
tumors harbored significantly higher TMB than female non-responding tumors (MW p=0.005). Similarly, (B) Class
I'and (C) class II IMM loads separated female response groups (Class I IMM loads MW p=0.005; Class I1 IMM
loads MW p=0.004), but not male response groups (Class I IMM loads: MW p=0.09; Class II IMM loads: MW
p=0.08). (D) Smoking mutational signature levels also only differed in female response groups (MW p=0.0006), but
not male response groups (MW p=0.21). These results were corroborated in the validation cohort (Rizvi) with
immunogenomic features, (E) TMB, (F) Class I IMM loads, (G) Class II IMM loads, and (H) mutational smoking
signature.

therapy. Excluding these six patients from the cohort, the somatic mutational features remained
predictive of DCB for NSCLC in females but not in males, including TMB (females MW
p=0.03, males MW p=0.13), class I IMM load (females MW p=0.03, males MW p=0.10), class II
IMM load (females MW p=0.02, males MW p=0.10), and mutational smoking signature
(females MW p=0.005, males MW p=0.26). Among patients with a self-reported history of
smoking (35 males, 33 females), the mutational smoking signature trended toward association of
ICB response only in tumors in females (median signature contribution of 0.57 in the DCB group
versus 0.38 for the NDB group, p=0.06). In contrast, there was no difference in mutational
smoking signature in male tumors by therapeutic response (median signature contribution of 0.47

in the DCB group versus median signature contribution of 0.46 in the NDB group, p=0.95).
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These findings were corroborated in an independent validation cohort (Rizvi) of 34
patients with ICI-treated NSCLC [100]. Among tumors of 18 female patients in the cohort,
TMB, class I IMM load, class II IMM load and mutational smoking signature were significantly
higher in those attaining DCB as compared to NDB following ICB therapy, including TMB
(MW p=0.0009), class I IMM load (MW p=0.003), class Il IMM load (MW p=0.0009), and
mutational smoking signature (MW p=0.04; Figures 4.2E-H). Among 16 male patients in the
cohort, there was no significant difference in these features between responding and non-
responding tumors. Similar to the primary cohort, these differences persisted when excluding

three patients with tumors harboring EGFR alterations.

4.8 Combined HLA zygosity with immunogenic mutation load predicts ICB

response in males

Next, [ considered the contribution of antigen presentation capacity in addition to IMM
load as associated with differential clinical responses to ICB in males and females. I assessed
HLA genetic variation as an indicator of neoantigen presentation capacity and its impact on
outcomes by sex. Patient germline and tumor HLA haplotypes were classified as high HLA

diversity (=5 unique alleles for HLA class I and =9 unique alleles for HLA class II) or low
HLA diversity groups (<4 unique HLA I class alleles or <8 HLA class II alleles). There was no

significant correlation with germline or tumor HLA zygosity alone and ICB benefit in either sex.
Even in tumors with maximal HLA heterozygosity, the potential immunogenicity of

mutation-associated neoantigens depends on effective presentation by the patient’s unique

inherited MHC repertoire. In contrast to TMB, the predicted IMM load incorporates MHC

affinity to estimate the number of neoantigens likely to stimulate an anti-tumor immune response
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Figure 4.3 HLA heterozygosity combined with immunogenic mutation loads predicted ICB response and
survival in males. (A) Male and female tumors with high IMM-I loads and high tumor HLA I diversity (tHLA 1>5)
co-occurred with response to ICB treatments (male Fisher’s Exact p=0.02, female Fisher’s Exact p=0.05). (B) Both
male and female tumors with high HLA II restricted IMMs and high germline HLA 1II diversity (gHLA 11 >9) co-
occurred with ICB response (male: Fisher’s Exact p=0.003; female: Fisher’s Exact p=0.03). (C) Male patients with
high tumor IMM-I loads and high tumor HLA I diversity trended towards longer overall survival (OS) (log-rank
p=0.1), while their female counterparts did not (log-rank p=0.33). (D) Combined high tumor IMM-II loads and high
germline HLA 1II diversity was associated with significantly longer OS among males (log-rank p=0.02) but not
females (log-rank p=0.12). Hazard ratio (HR) shown with 95% confidence interval.

[93]. In the primary ICB-treated cohort (Anagnostou), response to ICB correlated with combined

high IMM load and high HLA diversity in tumors in both males and females (Figures 4.3A-B).

Interestingly, significantly improved OS was only observed in males with high IMM load and

high HLA diversity, particularly for HLA class II (log-rank p=0.017; Figures 4.3C-D). This

finding in males is consistent with my hypothesis that more highly mutated tumors with intact

antigen presentation capacity will benefit from improved outcomes following ICB therapy. In

females, HLA diversity did not have a combinatorial effect on IMM load for predicting survival

after ICB therapy (Figures 4.3C-D); these findings suggest that alternative mechanisms of
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immune escape likely contribute to the differential sex-dependent response and outcome
following ICB therapy.

In summary, the dimorphic activity of the immune system in males and females strongly
influences tumorigenesis by immune selection and has important implications in the growing
field of cancer immunotherapy. My data highlight that the interpretation of biomarkers and the
mutational landscape of tumors for prediction of ICB therapy response requires consideration of

the biological sex context in which the tumor has evolved.
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Chapter 5 Discussion

5.1 Computational solution for a more precise immunotherapy patient

stratification based on mutation-associated neoantigen identification

In this thesis, I developed MHCnuggets, a flexible open-source platform for MHC—
peptide binding prediction that can handle common MHC class I and II alleles as well as rare
alleles of both classes, to better understand neoantigen profiles of immunotherapy treated
patients. The LSTM network architecture of MHCnuggets can handle peptide sequences of
arbitrary length, without shortening or splitting. The single neural network architecture requires
fewer hyperparameters than more complex architectures and simplifies network training. In
addition, my neural network transfer learning protocols allow for parameter sharing among
allele-specific, binding affinity— and HLAp-trained networks. When trained on binding affinity
data, MHCnuggets performs as well as other current methods. When trained on both binding
affinity and HLAp data, | demonstrate improved PPVn on an independent HLAp test set, with
respect to other methods that use both binding affinity and HLAp data. Although PPVn was
lowest for the independent HLAp test set for all methods, this result is likely due to systematic
differences between training HLAp data (monoallelic B-cell lines) [61] and the test data
comprised of seven multiallelic cell lines (HeLA, HTC116, JY, fibroblasts, SupB15, HCC1937,
and HCC1143) [22, 58], yielding a more challenging prediction problem. I attribute
MHCnuggets’ improvement on the independent test set with respect to other methods to
optimization of PPVn in my network training protocol and my implementation of transfer

learning to integrate information from binding affinity and HLAp measurements. The
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performance of all methods is generally highest when both training and test data come from
similar binding affinity experiments, but performance improvement on HLAp data is more
biologically relevant [147].

I demonstrate improved scalability by comparing the runtime of MHCnuggets on 1
million peptides to comparable methods, and further by processing over 26 million expressed
peptide—allele pairs across TCGA samples in under 2.3 hours. I identified 101,326 unique IMMs
harbored by patients using 26 cancer types sequenced by the TCGA, based on transcriptional
abundance and differential binding affinity compared with reference peptides. These results
contrast with a previous report of neoantigens in TCGA patients in several respects. Rech and
colleagues [148] applied a minimum expression threshold of 1 RNA-seq read count, an IEDB-
recommended combination of neoantigen predictors derived primarily from different versions of
NetMHC, and IC50 threshold of 50 nmol/L to identify strong MHC binders. Their approach
yielded 495,793 predicted class I classically defined neoantigen peptides (each harboring a single
immunogenic mutation) from 6,324 patients in 26 cancer types. In my study, high variability in
neoantigen burden across cancer types was observed. The difference between predicted IMM
and neoantigen burden in the two studies is likely due to differences in RNA expression
threshold and the low false-positive rate of MHCnuggets compared with IEDB-recommended
tools.

By extending the MHCnuggets framework to a rank system, I was able to characterize
the HLA class Il-restricted immunogenic mutation and associated neoantigen landscapes for
patients with lung cancer and melanoma receiving immune checkpoint blockade therapies. While
HLA class IT IMM burden was, overall, an order of magnitude smaller than TMB, IMM burden

was more strongly associated with clinical response and survival. The majority of HLA class II
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IMMs did not overlap with HLA class I IMMs, suggesting that the former represent a distinct
subset of immunogenic mutations that may play a critical role in tumor rejection, complementing
HLA class I restricted neoepitope induction of CD8+ T cell cytotoxicity.

While HLA class I neoantigens have been historically at the epicenter of neoantigen-
driven tumor rejection, tumor antigen specific CD4+ T-cell activity in the TME has been shown
to be a prerequisite for spontaneous and immunotherapy-related tumor rejection [36, 149]. The
less stringent sequence and length requirements for neopeptide binding to the HLA class II
proteins compared to HLA class I restricted epitopes, further supports the notion that a sizable
fraction of HLA class II epitopes may be presented [150]. In murine tumor models, a large
fraction of the immunogenic mutanome has been shown to be recognized by CD4+ T-cells and
subsequent vaccination with such epitopes may confer sustained tumor clearance [35]. These
observations suggest that HLA class II restricted immunogenic mutations and associated
neoantigens may have key and non-overlapping -with HLA class I neoepitope- functions in anti-
tumor immune responses. HLA class I germline heterozygosity has previously been found to
impact ICB treatment outcomes [57]. This notion, however, was challenged by a recent study
where no germline HLA variation effects were identified for pembrolizumab treated patients
[151]. Here, I found that HLA class II variation combined with HLA class II IMM burden was
associated with improved survival for ICB treated patients. However, when HLA class II IMM
burden was controlled, HLA class II variation alone was not prognostic. The joint effect of HLA
class II variation and HLA class II IMM burden was thus largely contributed by HLA class II
IMM burden. Collectively, my findings suggest a role for immunogenic HLA class II restricted

mutations and neoantigens in predicting clinical outcomes with immune checkpoint blockade.
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Heterozygous HLA-DPs, when combined with HLA class II IMM burdens, showed the
strongest combined prognostic effects out of the HLA II genes as suggested by previous studies
[57, 101]. Previous identification of HLA-DP alleles’ associations with overactive immunity and
overrepresentation of endogenous proteins in the epitopes' origins also suggested unique abilities
of HLA-DPs in presenting self-peptides [152-155]. HLA-DQ and HLA-DR locl was more
heterozygous than HLA-DP, with >90% of the samples heterozygous at those loci. Consistent
with previous work [114], the most frequent HLA class II strong binding MANAs were
identified with HLA-DQ alleles and the least frequent with HLA-DR alleles. However, HLA-
DQ’s role in central tolerance in the thymus [114] suggests that HLA-DQ binding MANAs may
have already achieved central tolerance. HLA-DRs, on the other hand, bind epitopes originating
from acute infections more readily [114]. As such, different HLA class II genotypes
demonstrated different binding characteristics and functions, thus should be also considered
when understanding patients HLA class II IMM landscapes.

Importantly, in studying the tumor microenvironment of tumors with a high content of
HLA class II IMMs by RNA sequence data deconvolution, I identified an increased density of
CD4+ memory activated T-cells, T follicular helper cells, and M1 macrophages, which are
critical components of successful tumor rejection [156, 157]. Gene set enrichment analyses
leveraging transcriptome data prior to- and during immune checkpoint blockade revealed a
prominent enrichment in adaptive immunity programs, with increased representation of
interferon-y, HLA class II antigen processing and presentation and TCR/BCR signaling pathway
gene sets. Notably, in the NSCLC cohorts, tumors with high HLA class II IMM burden also had
higher PD-L1 expression and were encountered in individuals with a smoking history. These

findings suggest that HLA class II IMM burden is affecting tumor immune surveillance and
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potentially reshaping the tumor microenvironment towards a more inflamed state, ultimately
promoting tumor rejection.

Further MANA and IMM analyses through the lens of sex-dimorphism shed lights on
intrinsic sex-related immunogenomic difference in NSCLC cohorts. Growing evidence points to
a sexual dimorphism in response to immunotherapy across multiple tumors that likely arises
from differences in immune surveillance in males and females. During tumorigenesis, immune
surveillance shapes tumor evolution and selection pressure drives tumor immune escape. [
demonstrated that somatic mutational features, including class I and II predicted IMM load as
well as TMB, are associated with durable clinical benefit following ICB therapy in females but
not in males. This finding is consistent with recent reports demonstrating that as a predictive
biomarker for ICB response, TMB performed better in females than in males, an effect that
appears to be independent of smoking signature and oncogenic-driver mutations like EGFR [54,
158].

Antigen presentation capacity in the form of a diverse repertoire of HLA-encoded MHC
molecules allows for effective presentation of more tumor-associated neopeptide candidates to
stimulate an anti-tumor immune response. As a predictor of response to ICB therapy, HLA-I
germline homozygosity in at least one locus and HLA-I loss of heterozygosity have been
associated with worse survival and were significantly more negatively prognostic when
combined with low TMB [25, 57, 159, 160]. I have previously shown that fewer than five unique
tumor HLA class I alleles combined with low TMB was associated with lower CD8+ T cell
infiltration and was predictive of worse overall survival in this NSCLC cohort, suggesting HLA
loss is an adaptive mechanism for immune evasion in tumors with high mutation burden [25]. In

further examining these patterns by sex, I found that the combination of diverse HLA alleles and
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high IMM load was predictive of improved survival following ICB therapy in males but not in
females, and particularly with respect to HLA class II. This pattern suggests that in females,
more immunogenic tumors with high neoantigen burden and intact antigen presentation capacity
are under selective pressure to develop alternative mechanisms of immune evasion, favoring
immune escape and poor ICB response. In other words, females with already robust tumor-
specific immunity will have a lower potential for effect with ICB therapy (i.e. a lower
therapeutic index) [161], while males with less baseline anti-tumor response may attain a greater
magnitude of therapeutic response.

In further exploring the immunogenomic landscape that evolves in tumors in males and
females, I found that maximal HLA class II germline diversity is associated with higher IMM
load in females but not in males. This finding indicates that tumors with intact antigen
presentation capacity may acquire more novel oncogenic mutations to survive in an environment
with more effective anti-tumor immune surveillance. Castro et al. recently demonstrated that
females are more likely to accumulate driver mutations early in tumorigenesis that are less
effectively presented by their inherited HLA genotype, particularly for HLA class II [144], and
thus higher mutation burden may not always reflect increased immunogenicity in females. These
data suggest that in an environment of stronger immune selection pressure, tumors in females
have developed multiple mechanisms to evade tumor-specific T cell responses and support my
finding that combined high IMM and HLA-II heterozygosity were positive predictors of post-
ICB survival in males but not females.

Adaptive tumor alterations in antigen presentation machinery, predominately through
selection for loss of heterozygosity of HLA alleles, also promotes immune escape by decreased

antigen presentation capacity [138]. Loss of heterozygosity at HLA-I loci is common and has
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been noted in 30-40% of several published NSCLC cohorts [25, 138, 162]. Somatic HLA-I loss
and low TMB has been associated with poor ICB response [57] and correcting for mutation-
associated neoantigens presented by lost HLA alleles identified high TMB tumors with poor
response to ICB therapy [162]. In analyzing this relationship by sex, I found that HLA-II loss of
heterozygosity is also strongly associated with higher IMM load only in tumors in females. Thus,
loss of HLA expression as an adaptive mechanism for immune evasion in tumors with high
mutational load may be a more prominent influence in females.

In summary, by MHCnuggets, I explored the mutation-associated neoantigens and
immunogenic mutation landscape in both NSCLC and melanoma cohorts. By identifying HLA
class II IMM burden as a biomarker and by understanding inherent immunogenic sex-difference,
these works have help to provide a more precise ICB-treated patient stratification

computationally.

5.2 Future work directions

5.2.1 Incorporating further considerations of the biological process of peptide presentation
in computational predictions

Indeed, the context of a peptide sequence, such as what sequences are flanking, its source
protein and the expression of the source protein, is informative for MHC ligand prediction [21,
61]. This type of information is available only for a limited number of HLAp data sets, which
were unavailable to us for training purposes. As more well-characterized HLAp data sets become
available, I will further develop MHCnuggets to include these features. Additionally, I was only
able to obtain monoalleleic HLAp training datasets for HLA class I alleles. As I and others have

demonstrated that incorporating HLAp data does improve peptide presentation prediction, future
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development of MHCnuggets should extend HLAp data in the training of HLA class II alleles

should they become available.

5.2.2 Considering immunogenic mutations beyond missense mutations

In the current studies, only MANAs derived from missense mutations were considered,
therefore this effort did not evaluate putative neoantigens from indels, splice variants, and
somatic gene fusions. As those mutations in general can generate “more foreign” antigens, they
often could induce a more effective tumor rejection [163]. In the current scheme of
understanding immunogenic mutation burdens, the count of missense mutations could potentially
overshadow the counts of indels or structural variants. As such, future work of identifying IMMs
beyond missense mutations would need to consider assigning proper weights to indels or
structural variants when counting mutation burden. Finally, I currently considered all HLA class
IT immunogenic mutations to be equally contributing to anti-tumor immune responses, future
studies will evaluate the contribution of dual HLA class I and II IMMs and highly expressed
HLA class II IMM derived neoepitopes in driving clinical outcome in the context of

immunotherapy.

5.2.3 Exploring the multiple sex-based variables at play in cancer development and the
immune response

Cofactors related to additional hormonal, environmental, and genetic influences are all
sex-based variables that should be further explored to understand cancer development. Tumors
included in each cohort represented a single time point in tumorigenesis, and all ICB treated

patients had advanced disease. Considering recent incorporation of immunotherapy in early stage
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and locally advanced NSCLC [164, 165], it will be important to understand the evolution of
these sex-based immunogenomic features and their context in different stages of disease.
Similarly, continuing to examine these features with consideration of sex-based differences in
response to combination chemotherapy and immunotherapy will be an important next step.
Finally, though this analysis considered select driver mutations with known decreased response
to ICB and female predominance, a multitude of additional targetable and non-targetable
mutations have unclear impact on ICB response, such as KRAS, BRAF, MET, HER2, PI3K,
PTEN, and DNA repair genes [146]. The complexity of the interaction of these drivers and other
co-mutations with sex, smoking exposure, mutational burden and ICB response requires further
investigation and emphasizes the need for intricate and individualized modeling for predictive

biomarkers.
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