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ABSTRACT OF THE DISSERTATION 

 
 

The Role of MHC Variation in Tumor Progression 
 
 
 

by 
 
 
 

Rachel Marty Pyke 
 
 

Doctor of Philosophy in Bioinformatics and Systems Biology 
 
 

University of California San Diego, 2018 
 
 

Professor Hannah Carter, Chair 
 
 

Tumors arise when cells accumulate genomic alterations that allow them to sustain rapid 

growth. Since the immune system is capable of eliminating tumor cells, another prerequisite for 

tumor formation is evasion of immune recognition. Recently, therapies that reactivate the immune 

system have been able to eliminate some tumors. However, only a small fraction of patients 

receives a sustained benefit from these immunotherapies, suggesting that we have yet to 
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understand the complexity of tumor-immune interactions. The immune response to tumors is 

mediated by the major histocompatibility complex (MHC), one of the most variable molecules 

encoded by the human genome. The MHC communicates cellular health to the immune system by 

binding and presenting antigen to circulating T cells. Due to technical limitations, the impact of 

the inter-patient MHC heterogeneity on tumor development has remained understudied. To 

address this gap, I utilized a large phenotypically-annotated cohort of cancer patient and recent 

algorithmic advances to assess the role of MHC variation on tumor progression. Though there are 

two classes of MHC with different functional mechanisms, I found that germline variation in both 

classes impacts patient mutation susceptibility and population mutation frequencies. Furthermore, 

the influence of MHC variation on tumor progression varies with the sex and age of the patient. 

The methods I developed expose the role of the immune system in shaping tumor formation and 

lay the foundation for improved development of immunotherapies.  
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INTRODUCTION 

The primary role of the immune system is to distinguish between self and nonself for the 

elimination of harmful, foreign entities. The immune system is able to recognize and attack tumor 

cells; however, it often fails to eliminate them, leaving tumors to expand and grow unchecked. 

Though tumors are harmful and contain genetic aberrations, they are self-derived, meaning that 

they are limited in the ways they can alert the immune system to their dysfunction.  Moreover, 

tumor cells can evade immune detection in several ways including the establishment of an 

immunosuppressive tumor environment (Saio et al., 2001). Specifically, cancer cells can hijack 

inhibitory pathways intended to moderate the amplitude and duration of an immune response. 

Often, their method to avoid surveillance will be the up-regulation of specific ligands on the cell 

surface (Topalian et al., 2015). Some immunotherapies, known as immune checkpoint inhibitors 

(ICI), target these ligands to block them, re-activating the immune system to cancer detection. 

Indeed, recent studies have demonstrated that the immune system is capable of eliminating tumors 

when these mechanisms of evasion are countered (Brahmer et al., 2012; Hodi et al., 2010; Topalian 

et al., 2012). The early success of these therapies caused Science to name cancer immunology as 

the ‘Breakthrough of the Year’ in 2013 (Couzin-Frankel, 2013). However, a significant portion of 

patients do not respond to immunotherapies. Though many efforts have been made to identify the 

characteristics of tumors that render them susceptible to immunotherapies (Rizvi et al., 2015; 

Rooney et al., 2015), researchers have yet to determine the cause (Gotwals et al., 2017). This lack 

of understanding highlights an urgent need for better knowledge of tumor-immune interactions 

that can then be translated into clinical applications.  

 The role of the immune system in cancer progression has been controversial for the past 

century. It was first suggested that the immune system could suppress cancer in the early 1900s 
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(Ehrlich, 1909). Fifty years later, tumor antigens were discovered (Gross, 1943), launching the 

hypothesis of immunosurveillance (Burnet, 1957; David, 1964). The theory of cancer 

immunosurveillance dictated that the immune system could eliminate tumor cells such that they 

would never become clinically relevant. Several studies were rapidly performed to test the 

assumption that immune impaired hosts would acquire more tumors (Kaplan, 1971; Stutman, 

1976). Though many of the experiments appeared successful, the results were confounded with 

bacterial- and viral-induced cancers (Klein, 1973), leaving the legitimacy of the 

immunosurveillance hypothesis inconclusive. Interest waned, and the field redirected its attention 

to other topics. In 2000, a major review was released outlining the six barriers for tumor growth 

but excluded any mention of the immune system (Hanahan and Weinberg, 2000), symbolically 

rendering immunosurveillance irrelevant. However, a resurgence of accumulating experimental 

evidence in model organisms supporting the relevance of immune detection and elimination of 

cancer cells early in tumor progression (DuPage et al., 2012; Kaplan et al., 1998; Koebel et al., 

2007; Matsushita et al., 2012; Shankaran et al., 2001) caused the emergence of the theory of 

immunoediting (Dunn et al., 2002). Under this theory, the immunosurveillance was paired with 

the idea of immune sculpting to give the immune system the dual role of protecting the host and 

facilitating escape from the immune system. The model posits that the immune system imposes 

negative selective pressure on tumor cell populations through elimination of tumor cells that harbor 

antigenic mutations or aberrations. Therefore, tumor precursor cells with antigenic variants would 

be at higher risk for immune elimination and, conversely, tumor cell populations that continue to 

expand should be biased toward cells that avoid producing neoantigens. 

 The theory of immunoediting has been more challenging to study in humans. If the theory 

is correct, immune impaired hosts should have higher cancer incidences. Indeed, patients receiving 
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transplants with immunosuppressive drugs show a higher incidence of cancer (Penn, 1996; Ross 

Sheil, 1986); however, many of the studies were confounded by virally induced cancers (Penn, 

1999). Furthermore, tumor infiltrating lymphocytes show a positive correlation with increased 

survival (Clark et al., 1989). More recently, the advent of population exome sequencing has opened 

new avenues to explore the theory. For example, the observed frequency of neoantigens has been 

reported to be unexpectedly low in some tumor types (Rooney et al., 2015), suggesting that 

immunoediting could indeed be taking place. However, this phenomenon has been challenging to 

study systematically because of the temporality of tumor-immune interactions as well as the 

difficulty accounting for individual differences in antigen presentation. 

Genomic regions coding for immune molecules are the most variable in the human genome 

(Williams, 2001). In particular, the Major Histocompatibility Complex (MHC), a key immune 

molecule, has thousands of observed variant combinations, known as alleles. Despite this molecule 

being implicated with significant roles in tumor predisposition, progression and outcome (Butsch 

Kovacic et al., 2005; Shukla et al., 2015), the variability between individuals has hindered study 

of patient-specific predisposition and response. Furthermore, our mechanistic understanding of 

MHC variation is far from complete (Lee et al., 2018). Recently, both the data and the algorithmic 

tools needed to study the role of MHC variation in tumor progression have become available. The 

cancer genome atlas (TCGA) provides a cohort of over 10,000 cancer patients across 33 tumor 

types with exome sequencing data, transcriptome sequencing data and clinical information. In 

addition, bioinformatic algorithms to measure tumor infiltrating lymphocytes (Newman et al., 

2015; Racle et al., 2017), MHC binding affinity (Karosiene et al., 2013; Nielsen and Andreatta, 

2016) and MHC typing (Kawaguchi et al., 2017; Shukla et al., 2015; Szolek et al., 2014; Xie et 

al., 2017) have recently become available. In this dissertation, I systematically study the Major 
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Histocompatibility Complex (MHC) class-I and class-II across large cancer cohorts and explore 

how patient-specific variation impacts these interactions.   

MHCs were first discovered by the observation of tissue transplant rejection in laboratory 

mice (Gorer, 1937). Over the past century, our understanding of their structure and function has 

been refined  (Bjorkman et al., 1988; Neefjes et al., 2011; Rock et al., 2016). Now, MHC-I are 

known to be cell surface molecules that are expressed on nearly all nucleated cells. Excluding their 

capacity for cross presentation (Rock et al., 1990), they mainly expose the intracellular peptidome 

to the immune system by binding peptide fragments of 8 to 11 amino acids in length and displaying 

them extracellularly. Before these peptides are bound by MHC-I, they must be processed by the 

proteasome and transported by the TAP transporter into the endoplasmic reticulum. After they are 

bound, the MHC-peptide complexes are transported to the cell surface where they can interact with 

CD8+ T cells. Then, the T cells use receptors (TCRs) to scan the peptides and determine if they 

are self or non-self. While this process occurs in every individual, the peptides presented on the 

cell surface vary. High variation in the Human leukocyte antigen (HLA) locus results in variable 

MHC proteins and a wide range of binding affinities for peptides. In cancer, this variation means 

that some individuals can present a set of mutations to the immune system while other individuals 

cannot present those same mutations. In chapter one, I formulate a patient-specific, residue-

specific score that denotes the ability of a patient to present a mutation to the immune system via 

MHC-I. Then, I systematically characterize the interactions between patient MHC-I allele 

combinations and recurrent cancer mutations for thousands of tumors from TCGA. I show that 

variation in the MHC-I plays a role in determining somatic mutation probability both on an 

individual and population scale in cancer.  
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MHC-II are cell surface molecules that are expressed exclusively on professional APCs, 

including B cells, macrophages and dendritic cells (Roche and Furuta, 2015). Like MHC-I, they 

expose peptides to be monitored by the immune system. However, unlike MHC-I, they derive their 

peptides from extracellular proteins. These proteins are endocytosed, digested in lysosomes and 

loaded onto the MHC-II molecules. MHC-II are also much more liberal in their binding; they allow 

peptides with lengths 12 to 25 amino acids because the binding grooves are open on both ends 

(Rammensee et al., 2013). Once on the cell surface, MHC-II are recognized by CD4+ T cells. 

Though CD4+ T cells are not known to primarily kill tumorigenic cells, patient response to 

immunotherapies has demonstrated their necessity in tumor cell elimination (Friedman et al., 2012; 

Kenter et al., 2009; Kitano et al., 2013; Zanetti, 2015). In addition to their role as helpers, some 

CD4+ T cells have also been shown to develop cytotoxic activity and eradicate established tumors 

(Quezada et al., 2010). Furthermore, the CD4+ T cells can react to specific neoantigens 

(Linnemann et al., 2015; Tran et al., 2014), implicating MHC-II presentation as a significant 

bottleneck of immunotherapy response. In chapter two, I create a score to measure the ability of a 

patient’s MHC-II molecules to present a mutation and analyze the role of MHC-II variation on 

mutation accumulation in tumors. While I show that MHC-II complements MHC-I in shaping 

mutation probability, I also demonstrate their differences contribute to their unique roles in the 

process. 

Recent studies have discovered that female patients and young patients respond poorly to 

immunotherapies (Botticelli et al., 2017; Kugel et al., 2018; Nosrati et al., 2017; Wu et al., 2018). 

Though there are many known sex- and age-specific differences in immune response (Klein and 

Flanagan, 2016; Simon et al., 2015), the reason for the disparity in response to immunotherapy 
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remains unclear. In chapter three, I use the scores and analyses developed in chapters one and two 

to assess age- and sex-specific immunoediting strength.   

In this dissertation, I aim to expose the role of MHC-I and -II in tumor development and 

immunoediting by creating a quantitative, personalized score for immune presentation and 

studying the relationship of the score with mutation accumulation in individuals and populations. 

Furthermore, I aim to expose the underlying biological mechanisms and interplay between MHC-

I and -II to further the development of immunotherapies that can reach more patients. 
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CHAPTER 1: MHC-I genotype restricts the oncogenic mutational landscape 

 

 

1.1 Abstract 

MHC-I molecules expose the intracellular protein content on the cell surface allowing T-

cells to detect foreign or mutated peptides. The combination of six MHC-I alleles each individual 

carries defines the sub-peptidome that can be effectively presented. We applied this concept to 

human cancer, hypothesizing that oncogenic mutations could arise in gaps in personal MHC-I 

presentation. To validate this hypothesis, we developed and applied a residue-centric patient 

presentation score to 9,176 cancer patients across 1,018 recurrent oncogenic mutations. We found 

that patient MHC-I genotype-based scores could predict which mutations were more likely to 

emerge in their tumor. Accordingly, poor presentation of a mutation across patients was correlated 

with higher frequency among tumors. These results support that MHC-I genotype-restricted 

immunoediting during tumor formation shapes the landscape of oncogenic mutations observed in 

clinically diagnosed tumors and paves the way for predicting personal cancer susceptibilities from 

knowledge of MHC-I genotype. 

 

  



  
 

14 

1.2 Introduction 

Avoiding immune destruction is a hallmark of cancer (Hanahan et al., 2011), suggesting 

that the ability of the immune system to detect and eliminate neoplastic cells is a major deterrent 

to tumor progression. Indeed, recent studies have demonstrated that the immune system is capable 

of eliminating tumors when the mechanisms that tumor cells employ to evade detection are 

countered (Brahmer et al., 2012; Hodi et al., 2010; Topalian et al., 2012). This discovery has 

motivated new efforts to identify the characteristics of tumors that render them susceptible to 

immunotherapy (Rizvi et al., 2015; Rooney et al., 2015). Less attention has been directed toward 

the role of the immune system in shaping the tumor genome prior to immune evasion; however, 

such early interactions may have important implications for the characteristics of the developing 

tumor. 

The theory of cancer immunosurveillance dictates that the immune system should exert a 

negative selective pressure on tumor cell populations through elimination of tumor cells that harbor 

antigenic mutations or aberrations. Under this model, tumor precursor cells with antigenic variants 

would be at higher risk for immune elimination and, conversely, tumor cell populations that 

continue to expand should be biased toward cells that avoid producing neoantigens. In model 

organisms, there is accumulating experimental evidence supporting that immunosurveillance 

sculpts the genomes of tumors through detection and elimination of cancer cells early in tumor 

progression (DuPage et al., 2012; Kaplan et al., 1998; Koebel et al., 2007; Matsushita et al., 2012; 

Shankaran et al., 2001). In humans, the observed frequency of neoantigens has been reported to be 

unexpectedly low in some tumor types (Rooney et al., 2015), suggesting that immunoediting could 

be taking place. However, this phenomenon has been challenging to study systematically because 
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of the temporality of tumor-immune interactions as well as the difficulty accounting for individual 

differences in antigen presentation. 

The binding affinity of the MHC-I complex for peptides is a major determinant of 

antigenicity and depends predominantly on three genes encoded at the Human HLA locus on 

chromosome 6: HLA-A, HLA-B and HLA-C (Sidney et al., 2008). The HLA locus is highly 

polymorphic, with over 10,000 distinct alleles for the three genes documented to date (Robinson 

et al., 2015). This diversity raises the possibility that the set of oncogenic mutations that create 

neoantigens may differ substantially among individuals. Indeed, neoantigens found to drive tumor 

regression in response to immunotherapy were almost always unique to the responding tumor (Lu 

and Robbins, 2016). Several studies have also reported that nonsynonymous mutation burden, 

rather than the presence of any particular mutation, is the common factor among responsive tumors 

(Rizvi et al., 2015). The paucity of recurrent oncogenic mutations driving effective responses to 

immunotherapy is suggestive that these mutations may less frequently be antigenic, possibly as a 

result of selective pressure by the immune system during tumor development. 

These observations led us to hypothesize that antigenic oncogenic mutations are eliminated 

during the early stages of tumor development in a manner that is dependent on the subset of the 

oncogenic peptidome that can be presented by an individual’s MHC-I. To find evidence in support 

of our hypothesis, we set out to systematically characterize the interactions between patient MHC-

I allele combinations and recurrent cancer mutations for thousands of tumors from The Cancer 

Genome Atlas (TCGA). Currently existing state-of-the-art in silico tools allow prediction of HLA-

specific MHC-I peptide binding affinities. We thus needed to first devise a score capable of 

estimating the qualitative likelihood of MHC-I based presentation of sequences containing specific 

mutations based on peptide binding affinities while accounting for each individual’s 6 MHC 
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alleles. We then used this score to study interactions between patient HLA alleles and the 

corresponding MHC-I binding affinities for over a thousand recurrent mutations in known 

oncogenes and tumor suppressors, which are likely to be enriched for driver mutations and other 

early events in cancer development (Bozic et al., 2010; McGranahan et al., 2015). This analysis 

revealed that patient MHC-I genotypes directly influence the probability that their tumor will 

acquire a recurrent oncogenic mutation, providing new evidence that immunoediting of oncogenic 

mutations occurs in humans and setting the stage for HLA-based precision strategies in cancer 

prevention and immunotherapy. 
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1.3 Results 

MHC-I affinity based scoring scheme for mutated residues. To study the influence of 

MHC-I genotype in shaping the genomes of tumors, we developed a qualitative residue-centric 

presentation score and evaluated its potential to predict whether a sequence containing a residue 

will be presented on the cell surface. The score relies on aggregating MHC-I binding affinities 

across possible peptides that include the residue of interest. MHC-I peptide binding affinity 

predictions were obtained using the NetMHCPan3.0 tool (Vita et al., 2014), and following 

published recommendations (Nielsen and Massimo, 2016), peptides receiving a rank threshold < 

2 and < 0.5 were designated MHC-I binders and strong binders respectively. For evaluation of 

missense mutations, we based our score on the affinities of all 38 possible peptides of length 8-11 

that incorporate the amino acid position of interest (Figure 1.1A), while for insertions and 

deletions, any resulting novel peptides of length 8-11 were considered (Figure S1.1A). 

We evaluated several strategies for combining peptide affinities to approximate presentation of a 

specific residue on the cell surface using an existing dataset of peptides bound to MHC-I molecules 

encoded by 16 different HLA alleles in monoallelic lymphoblastoid cell lines determined using 

mass spectrometry (MS) (Abelin et al., 2017), the most comprehensive database of cell surface 

presented peptides currently available. These strategies included assigning the best rank among 

peptides, the total number of peptides with rank < 2, the total number of peptides with rank < 0.5 

and the best rank weighted by predicted proteasomal cleavage (Figure S1.1B-K). We then 

compared the ability of these scores to discriminate these MS-derived residues from a size-

matched set of randomly selected residues (Methods). The best rank score (Figure 1.1B) provided 

the most reliable prediction that a particular residue position would be included in a sequence 
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presented by the MHC-I on the cell surface (Figure 1.1C), thus this score was used for all 

subsequent analysis. 

Finally, to test the best rank score’s ability to assess the presentation of cancer related mutations, 

we scored the set of expressed mutations in 5 cancer cell lines to predict which would be presented 

by an HLA-A*02:01 derived MHC-I (Data S1.1A-E). Unless a mutation affects an anchor 

position, a peptide harboring a single amino acid change has a modest impact on peptide binding 

affinity and should be presented on the cell surface provided that the corresponding native 

sequence is presented (Data S1.1F-J). Indeed, analyzing a database of native peptides found in 

complex with an HLA-A*02:01 MHC-I in these 5 cell lines, we found that across cell lines, 9.8% 

of mutations predicted to strongly bind and 4.0% of mutations predicted to bind an HLA-A*02:01 

MHC-I at any strength were also supported by MS-derived peptides (Figure 1.1D). These 

experimental results validate the ability of a score derived from MHC-I binding affinities to 

identify mutations with a higher likelihood of generating neoantigens and support the application 

of this score to evaluate MHC-I genotype as a determinant of the antigenic potential of recurrent 

mutations in tumors. 

Quantifying individual variation in presentation of recurrent oncogenic mutations.  To 

determine whether individual variation in MHC-I genotypes results in patient-level differences in 

the presentation of mutations in a large human cancer cohort, we called HLA alleles for patients 

in the TCGA. We successfully assigned HLA-A, -B and -C allele pairs to 9,176 of 9,839 cancer 

patients using three algorithms (Figure S1.2A) (Jia et al., 2013; Shukla et al., 2015; Szolek et al., 

2014). Most alleles were called from the consensus of Optitype and Polysolver, allowing only 1 

disagreement out of 6 alleles (Figure S1.2B) and a minority of patients without exome sequencing 

data were called based on genotype data using SNP2HLA (Methods; Figure S1.2C,). The 
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remaining patients were successfully called by either Optitype or Polysolver (Figure S1.2D, Data 

S1.2). Only 245 of the known HLA alleles were observed in TCGA patients and few alleles were 

present in more than 10% patients (Figure S1.2E-G). Allele frequencies were highly correlated 

with reported frequencies among healthy individuals of matched ancestry but weakly to allele 

frequencies of other populations (Figure S1.2H-J). We did not observe any unexpected bias in 

allele frequencies among cancer patients relative to matched healthy populations. 

To represent a patient’s ability to present a particular mutation, we devised a score for 

aggregating the Best Rank scores across the patient’s six MHC-I alleles (Figure 1.2A). We 

selected the harmonic mean to combine the six Best Rank scores across the 6 alleles because it has 

the desirable property that it is dominated by the minimal value. Thus the Patient Harmonic-mean 

Best Rank (PHBR) score is highly influenced by the best allele, but also integrates information 

about presentation by the other alleles. To determine the performance of the PHBR score for 

predicting actual presentation, an independent Mass Spectrometry data was used including 5 cell 

lines expressing 6 HLA alleles typed to the fourth digit (Bassani-Sternberg et al., 2015)(Fig 1.2B). 

ROC curves were constructed from the PHBR scores for each cell line as well as the aggregated 

scores across the cell lines (Fig 1.2C) and demonstrated that the PHBR score was indeed predictive 

of peptide presentation in a multi-allelic setting. 

We identified a set of 1,018 likely driver mutations based on the criteria that these 

mutations occur in known oncogenes and tumor suppressors (Davoli et al., 2013) and are observed 

in at least 3 tumors in TCGA (Methods; Data S1.3A-E). We then constructed a matrix of PHBR 

scores for patients (Figure 1.3; rows) versus the 1,018 recurrent oncogenic mutations (Figure 1.3; 

columns). This matrix provides a high level view of individual differences in presentation of 

functional mutations causally implicated in tumorigenesis. 
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Inspection of the PHBR score matrix highlights that some recurrent oncogenic mutations 

are universally poorly presented by the MHC-I while others appear to have a high likelihood of 

being presented in general (Data S1.3F-G). Over 95 mutations were predicted to have PHBR 

scores < 4 for all patients, but no mutations had PHBR scores < 1 across the entire population 

(Figure S1.3A,B). There was no obvious clustering of mutations according to functional 

consequence (missense versus indel or loss of function versus gain of function)(Figure 1.3; 

columns) although distinct amino acid substitutions affecting the same residue tended to be 

grouped. We also compared patients based on the fraction of the 1,018 recurrent oncogenic 

mutations that their MHC-I genotype could potentially present. Patients’ mutation coverage ranged 

from as high as > 86% of mutations with PHBR < 4 (> 39% at PHBR < 1) to < 54% of mutations 

receiving a PHBR < 4 (< 18% at PHBR < 1) (Figure S1.3C,D). 

Patient MHC-I genotypes are predictive of the oncogenic mutations that emerge in their 

tumor. If MHC-I genotype restricts the oncogenic peptidome exposed to immune surveillance, 

exposed mutations should be less frequently observed than masked mutations in individual tumors 

(Figure 1.4A). As an initial approach, we mapped patient mutation status onto the PHBR score 

matrix (Figure 1.3) and divided PHBR scores into two groups: those that corresponded to observed 

mutations, and those that corresponded to unobserved mutations. Comparing PHBR scores 

between these groups uncovered a bias for observed mutations to have higher PHBR scores 

(Figure 1.4B), with the largest differences apparent for PHBR scores < 0.5 (Figure 1.4C). We 

took two approaches to quantifying the effect of MHC-I genotype on the probability of acquiring 

mutations, comparing the relationship between PHBR and mutation probability within patients 

(rows of Figure 3) and across patients (columns of Figure 3). As the logscale PHBR score was 

approximately linearly related to the logit probability of a mutation (Figure S1.4A,B), we modeled 
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their relationship with an additive logistic regression model with non-linear effects to control for 

variation in mutation rates among mutations and patients. 

When we analyzed the relationship between log-PHBR and the logit mutation probability 

within patients, we found that the log-PHBR was positively associated with a significant increase 

in the odds of a patient acquiring a mutation, supporting that patients have a higher probability of 

acquiring mutations less effectively presented by their MHC-I (within-patient model; mutation 

frequency ≥ 5; OR=1.28; 95% CI [1.25, 1.31]; p < 2e-16) (Table 1.1). For each unit increase in 

log-PHBR, the odds of a mutation increases by 28%. The influence of PHBR tended to be stronger 

for mutations that were observed more frequently, for example for mutations observed at least 20 

times each unit increase in log-PHBR resulted in an odds increase of 54.5% (Table S1.1). These 

results demonstrate that the PHBR score is predictive of which recurrent oncogenic mutations are 

likely to drive an individual’s tumor during the early stages of tumor development pan-cancer. 

The second approach analyzes the relationship between the log-PHBR and logit mutation 

probability across patients with the same mutation. This formulation evaluates whether the log-

PHBR of a mutation has predictive power to determine which patients are at higher risk when the 

probability of the mutation occurring among patients is already known. This analysis revealed that 

PHBR was not a significant predictor of which patients would obtain a specific mutation (within-

mutation model; mutation frequency ≥ 5; OR = 1.03; 95% CI [0.99, 1.06]; p < 0.17). The negligible 

effect of log-PHBR in this setting suggests that its influence is generally already captured by the 

random effect that models variation in mutation frequency and that incorporates the PHBR 

influence demonstrated by the within patients analysis. 

To determine whether PHBR score predictive power is distributed equally among different 

cancer types, we repeated the analysis within groups of at least 100 patients with a common tumor 
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type (Figure 1.4D,E; all tumor types shown in Figure S1.4C,D). Once again, the within-mutation 

analysis mostly returned odds ratios with 95% confidence intervals that included 1, indicating a 

lack of predictive power (Figure 1.4D, Data S1.4A). In clear contrast, the within-patient analysis 

returned multiple tumor types for which the odds ratio was significantly greater than 1 (Figure 

1.4E, Data S1.4B). While PHBR was predictive of mutation occurrence within-patient in more 

than 50% of the tumor types evaluated, there were clear differences in the magnitudes of the odds 

ratios, suggesting that PHBR could be more predictive in some tumor types than others. The 

strongest effects were observed in thyroid cancer (OR=2.51; 95% CI [2.25, 2.8]) while no 

association was observed in acute myeloid leukemia, lung squamous cell carcinoma, sarcoma or 

clear cell renal carcinoma. Notably, effect sizes were even larger when we considered only 

mutations observed > 20 times across tumors (Figure S1.4E-F, Data S1.4C,D). We observed that 

tumor types with fewer samples or harboring fewer recurrent mutations had larger 95% confidence 

intervals, and tumors with larger odds ratios tended to have a high frequency mutations associated 

with them. For example, 58% of thyroid cancers had a BRAF V600E mutation and 70% of low 

grade gliomas had an IDH1 R132H mutation (Data S4E-BB). Interestingly, PHBR was associated 

with the probability of mutation in both low grade glioma and glioblastoma, suggesting that 

immune surveillance during tumor development in the brain is not impeded by immune-privilege.  

Importantly, when we repeated our analysis with a subset of common germline variants in 

the same patients, we found no relationship between PHBR score and variant carrier status (Figure 

1.4F, Table 1.1). We also controlled for other factors that could potentially confound our results, 

including different thresholds on mutation frequency, the specific method used to assign patient 

genotypes and inclusion of HLA-C which is typically expressed at much lower levels that HLA-A 

and HLA-B (Zemmour, 1992). The association between PHBR score and mutation status was 
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robust to all of these factors (Table S1.1). Finally, we compared the results obtained by the PHBR 

score to a simpler Patient Best Rank (PBR) score that assigns the minimum rank across all 6 HLA 

alleles. Interestingly, although the PBR performed identically on the multi-allelic cell line-based 

MS benchmark (Figure S1.4G), when we analyzed the relationship of PBR and mutation 

probability, we found that PBR had less predictive power than the PHBR. (Table S1.2). These 

results indicate that while the highest affinity peptide may be more likely to be detected on the cell 

surface, presentation by multiple MHC-I alleles appears to have a positive impact on the likelihood 

of T-cell activation and therefore on whether a tumor will acquire a particular recurrent mutation. 

MHC-I based restriction of oncogenic mutations is likely to be active predominantly during 

the early stages of tumorigenesis when tumors have not yet evolved widespread 

immunosuppressive strategies. This suggests a model whereby mutation-related phenotypes could 

differ according to the effectiveness of immune surveillance throughout tumorigenesis. According 

to this model, mutations should accumulate more quickly when tumor cell populations are 

expanding rapidly in under conditions of tumor driven immune-suppression, and the majority of 

these mutations should be passenger mutations that provide no fitness advantage to tumor cells. 

Indeed, consistent with this concept and previous reports, passenger mutations tended to have 

much lower PHBR scores than driver mutations (Figure 1.4G), and PHBR scores were not 

predictive of passenger-like mutations observed in cancer patients (Table 1.1) indicating that 

presentation of passenger mutations does not subject them to selective pressure. We also noted 

that patients with HLA mutations had significantly higher numbers of mutations (p < 0.05) for 9 

out of 10 tumor types that include more than 5 HLA mutated patients (Figure 1.4H). Shukla et al. 

previously demonstrated that the majority of somatic HLA mutations in TCGA impair MHC-I 

peptide binding, suggesting that the positive correlation between HLA mutation status and 
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mutation burden is unlikely to be explained by elevated mutation rates (Shukla et al., 2015). This 

evidence further supports the concept that upon immune evasion, MHC-I based immune 

surveillance weakens or is eliminated altogether, paving the way for increased mutation rates and 

emergence of antigenic mutations. 

Our results support MHC-I as the gatekeeper of early immunoediting and MHC-I 

genotype-specific binding affinity as a determinant of the oncogenic mutations that are subject to 

immune surveillance by T cells. Most importantly, these results imply that MHC-I genotype 

provides predictive information about the oncogenic mutations that are likely to occur should a 

tumor arise in a particular person. 

MHC-I presentation influences oncogenic mutational frequencies in human cancer. We 

next re-examined the TCGA population as a whole to evaluate the consequences of MHC-I 

genotype-based restriction for the frequencies of somatic mutations among tumors. There was a 

significant correlation between population ability to present a mutation and that mutation’s 

frequency among tumors (Spearman rho = 0.61, p = 1.6x10-6) (Figure 1.5). This correlation was 

robust when the analysis was restricted to HLA-A and -B alleles (Spearman rho = 0.52, p = 8.2x10-

5) (Figure S1.5A) and when accounting for tumor type (Spearman rho = 0.49, p = 6.9x10-4) (Figure 

S1.5B). The relationship between mutation frequency and patient MHC-I binding affinity suggests 

that the frequency of an oncogenic mutation among tumors is not determined by the magnitude of 

the fitness advantage provided by the mutation alone. Mutation frequency also depends on the 

visibility of that mutation to the immune system across patients. Thus, patient-level MHC-I 

genotype-based restriction of the landscape of oncogenic mutations contributes to shaping the 

mutation frequencies observable in cancer populations. 
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The general low presentation of highly recurrent oncogenic mutations across cancer 

patients led us to question whether poor presentation of such mutations was a general feature of 

human MHC-I. In order to gain a complete perspective, we compared MHC-I based presentation 

of recurrent oncogenic mutations to other classes of variation that would not be expected to show 

evidence of purifying selection by MHC-I-based immune surveillance, including 3000 random 

mutations, 1000 common polymorphisms, 1000 viral and 1000 bacterial residues (Table S1.5A, 

Methods). In total, we calculated presentation scores for 1000 recurrent cancer missense mutations 

and 6000 variant sequences against 2,915 MHC-I alleles in IEDB (Figure S1.6A-B). Comparing 

overall best rank score distributions, we observed a bias toward higher presentation scores (worse 

presentation) among highly recurrent mutations (≥ 10) affecting oncogenes but not  tumor 

suppressors relative to the other classes of variation (Figure 1.6A). However a significantly 

smaller fraction of  mutations in both oncogenes and tumor suppressors were presented at both 

best rank < 2 and rank < 0.5 binding thresholds (Figure 1.6B). In contrast, viral and bacterial 

residues generally had smaller presentation scores and higher binding fractions than common 

germline polymorphisms and random mutations, consistent with the MHC evolving to present 

foreign sequences more effectively than endogenous sequences. We determined that the difference 

in presentation between highly recurrent oncogenic and random mutations could not have resulted 

from a biased sample of random mutations (p=0.008; 1000 subsampled random mutation sets) 

(Figure S1.6C). 

We next evaluated other factors that might result in a biased profile of MHC binding for 

recurrent oncogenic mutations. Possible sources of bias include residue location inside versus 

outside of functional protein domains, higher expression of HLA-A and HLA–B than HLA–C, 

differences in MHC-I affinity for different peptide lengths, inclusion of lower frequency recurrent 
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mutations and population-specific allele frequencies (González-Galarza et al., 2015). Even when 

controlling for each of these factors, oncogenic mutations still showed a significant bias for poorer 

presentation and lower fractions being presented (Figure S1.6D-I) with one exception. When 

lower frequency recurrent mutations (≥ 3) were included, we observed that only oncogenes but not 

tumor suppressor mutations were significantly different from random mutations. 

Finally, we sought to determine whether lower predicted presentation of cancer mutations 

resulted from impaired MHC-I binding affinity due to the amino acid change. We first compared 

the presentation scores of the random set of mutations to the scores received by the corresponding 

native (wild type) sequences and found that native residues tended to be slightly better presented 

than mutated residues (Figure 1.6C-D). Next we determined the presentation scores for the native 

residues corresponding to the subset of 144 highly recurrent oncogenic mutations (observed ≥10 

times; Methods). The presentation scores for the native residues corresponding to oncogenic 

mutations, like the oncogenic mutations themselves, were significantly poorer than those of the set 

of randomly generated mutations (Mann Whitney, p < 2e-16). Surprisingly, MHC-I based 

presentation of the native residues in cancer genes was even poorer than presentation of the 

mutated residues (Mann Whitney, p < 2e-16 for both oncogenes and tumor suppressor genes) 

(Figure 1.6C-D). This trend remained significant when analysis was restricted to HLA-A and HLA-

B, extended to all recurrent oncogenic mutations and specifically applied to 9-mers (Figure S1.6J-

L). Thus, we conclude that recurrent oncogenic mutations are biased toward residues residing in 

peptides that are particularly poorly presented by the majority of human MHC-I alleles. 

 
 

 
1.4 Discussion 
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Here we demonstrate that a person’s MHC-I genotype constitutes a barrier that partially 

constrains the possible oncogenic mutations that a developing tumor can sample on its way to 

becoming clinically detectable disease. Using in silico approaches we systematically assigned 

MHC-I allele combinations to cancer patients and determined their presentable oncogenic sub-

peptidome, converting peptide affinities into personalized mutation-centric presentation scores. 

These scores were positively associated with the incidence of recurrent cancer mutations, 

demonstrating their potential to provide predictive information about individual susceptibility to 

develop tumors harboring particular oncogenic mutations. Used in combination with other known 

risk factors, this information could enable improved identification of individuals at risk for 

developing certain types of cancer, potentially enabling MHC-I genotype-guided screening. 

Analysis of thousands of TCGA patient genomes and approximately one billion MHC-I 

binding predictions uncovered a strong link between the MHC-I genotype-derived PHBR score 

and the probability of acquiring specific mutations by a particular patient, with an estimated 54.5% 

increase in odds of acquiring specific mutations (> 20 observations in TCGA) for every unit 

increase of log-PHBR. We observed reduced effect sizes at lower mutation frequency thresholds, 

possibly due to the inclusion of more mutations that are not early events in cancer and thus not 

subject to immune surveillance-based elimination. When restricting analysis to higher frequency 

mutations, fewer mutations were available to fit the model resulting in reduced statistical power. 

When analyzed by cancer type, we found even stronger associations, with some tumor types 

approaching a nearly 250% increase in odds of mutation for each unit increase of log-PHBR. 

Across the entire cohort of cancer patients, the frequency of oncogenic mutations was 

correlated with the median PHBR score, suggesting that the individual MHC-I sub-peptidome 

coverage aggregates to produce population-scale effects. Interestingly, when considering all 
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possible HLA alleles, we observed that oncogenic mutant peptides have poor binding affinity for 

the human MHC-I in general but an above average binding affinity for pathogen-derived peptides. 

This effect is driven by the native underlying sequence, which has even worse binding affinity for 

MHC-I than the corresponding oncogenic mutant peptide. These observations imply that in order 

to become highly recurrent, oncogenic mutations not only need to provide a fitness advantage to 

tumor cells, but also need to occur within a peptide sequence that is universally poorly presented 

across the human population. Mutations that provide a fitness advantage but are antigenic would 

either occur post immune evasion, or early in select individuals with MHC-I genotypes incapable 

of presenting them, and thus never reach high frequency among tumors. 

We note that the ROC curve for our PHBR score formulation suggests the inclusion of 

false positives (Figure 1.2C), potentially resulting from the assumption that all 38 possible 

peptides overlapping a mutation have equal opportunity to bind the MHC-I. This assumption could 

overestimate the presentation of residues, and explain in part why we observed a small subset of 

recurrent oncogenic mutations with very low PHBRs (i.e. well presented) across cancer patients 

(Figure 1.3). In general, recurrent mutations that can be presented across many patients (Figure 

1.5, Data S1.3F-G) could provide an attractive target for design of immunotherapies, although 

presentation alone is not sufficient to induce T cell activation. The existence of recurrent oncogenic 

mutations that are easily visible to the immune system could indicate failure of other determinants 

of immunogenicity required to render these mutations antigenic. Further investigation may reveal 

whether well-presented oncogenic mutations evade immune detection through alternative 

biological mechanisms. We also observed some recurrent mutations with very high PHBR scores 

(i.e. poorly presented) indicating the existence of mutations that are unlikely to ever be detected 

via MHC-I-based antigen presentation. 
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In conclusion, this is the first study to provide compelling evidence that common 

oncogenes and tumor suppressors across human cancers are subject to immunoediting. The 

observed mutational driver landscape in established tumors thus reflects constraints imposed by 

individual variation at the HLA locus. The perspective gained from our analysis is based on a score 

that predicts presentation, but not antigenicity and depends on the existing state of the art for 

predicting peptide binding affinity. Thus as computational algorithms continue to improve, we will 

be able to more accurately estimate the impact of the immune system on the emergence of 

mutations in tumors. We anticipate that this study will catalyze future efforts to understand the 

links between HLA genotype and cancer susceptibility. 
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1.5 Materials and Methods 

Cell lines. SKOV3 and HeLa cells were purchased from the ATCC and grown in 

DMEM/F12K medium with 10% FBS. A2780 cells were purchased from Sigma and grown in 

RPMI with 10% FBS. OV90 cells (ATCC) were received as kind gifts from Dr. Patricia Kruk, 

University of South Florida (Tampa, FL), and were grown in 1:1 Medium 199/MCDB 105 with 

15% FBS(Patterson et al., 2016). A375 cell line (ATCC) was a kind gift from Dr. Beatriz Carreno, 

Washington University (St. Louis, MO) and was grown in DMEM/F12K medium with 10% FBS 

(Carreno et al., 2015). All cells were maintained in a humidified CO2 incubator (5% CO2, 37°C). 

All cell lines were subjected to high-resolution sequence-based HLA typing (HLA-A, -B, -C, and 

-DRB1) immediately upon receipt and growth in our laboratory, and then again after stable 

transfection to ensure authentication prior to use in data collection. 

Production and Isolation of soluble HLA/ Peptide Complexes. The soluble HLA-

A*02:01 was transfected into different cell lines (HeLa, A375 , SKOV3, A2780 and OV90). 

Transfected cells were single cell sorted (subcloned) to identify a high expressing clone. Soluble 

HLA constructs are truncated at the 3′ end of exon 4, deleting the transmembrane and cytoplasmic 

domains, and include a C-terminal VLDLr epitope purification tag (SVVSTDDDLA) that is 

recognized by the anti-VLDLr mAb (ATCC CRL-2197). This antibody was used both for 

purification of soluble HLA from cells supernatant and for quantification of sHLA production as 

the capture antibody in a sandwich ELISA, with an antibody directed against β2-microglobulin 

(Dako A0072) as the detector antibody. After transfection, cells were grown at high density in 

hollow-fiber bioreactors (AcuSyst-Maximizer, C3 Cell Culture Company) and sHLA/peptide 

complexes were purified from supernatants by affinity chromatography with the anti-VLDLr 

antibody. Eluate fractions containing sHLA/peptide complexes were pooled, brought to a final 
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acetic acid concentration of 10%, and heated to 78°C in a water bath to denature HLA. Peptides 

were purified and isolated from alpha chain and B2m using an Ultracel 3 kDa cutoff cellulose 

membrane (EMD Millipore , PLBC06210) and lyophilized (Carreno et al., 2015; Patterson et al., 

2016). 

LC/MS Analysis. Separation and sequencing of peptides purified from each cell line were 

carried out by two-dimensional liquid chromatography, followed by information dependent 

acquisition (IDA) generated tandem MS (MS/MS). For the first dimension, the peptide sample was 

loaded on a reverse-phase C18 column (110 Å pore size; 5 µm particle size, 2 mm [i.d.] × 150 mm 

long Gemini column; Phenomenex) with a Michrom BioResources Paradigm MG4 HPLC and UV 

detection at 215 nm wavelength. Elution was at pH 10 using solvent A (10 mM ammonium 

formate, 2% acetonitrile, 98% water) and solvent B (10 mM ammonium formate, 95% acetonitrile, 

5% water). The peptide sample was loaded at a flow rate of ~120 µl/min over an 18 min period. 

Then a two segment gradient was performed at 160 µl/min; the 1st segment was a 40 min linear 

gradient (4 - 40% B), followed by an 8 min linear gradient (40 - 80% B). Forty peptide-rich 

fractions were collected and dried by vacuum centrifugation. 

For the second dimension chromatography, each fraction was resuspended in 10% acetic 

acid and subjected to nano-scale RP-HPLC (Eksigent ekspert nanoLC 415 system, AB Sciex). The 

second dimension nano-HPLC setup included a C18 trap column (350 µm [i.d.] × 0.5 mm long; 

ChromXP) with 3µm particles and 120Å pores and a ChromXP, C18 separation column (75 µm 

[i.d.] × 150 mm long) packed with the same medium. A two-solvent system was utilized, where 

solvent A is 0.1% formic acid in water and solvent B contains 0.1% formic acid in 95% 

acetonitrile/5% water. Samples were loaded at 5 µL/min flow rate on the trap column and at 300 

nL/min flow rate on the separation column. The separation was performed by a two linear gradients 
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program: 10 - 40% solvent B for 70 min and then 40 - 80% solvent B for 7 min. The column 

effluent was ionized using a NanoSpray III ion source (AB Sciex), and MS and MS/MS fragments 

spectra were obtained in IDA mode using an AB Sciex TripleTOF 5600 System, as described 

previously (Carreno et al., 2015). 

Peptide Identification and Source Protein Information. Peptide sequences were 

assigned to resulting fragment spectra using PEAKS Studio, Premium License, v.7.0 

(Bioinformatics Solutions, Ontario, Canada). UniProt and NCBI non redundant database with 

Homo sapiens taxonomy were used for database search by PEAKS. 

The parameters used for database search were the following: 50 ppm precursor mass error 

tolerance and a product ion tolerance of 0.05 Da. Post-translational modifications (PTM) 

consisting of N-terminal acetylation, deamidation of Asn and Gln, oxidation of Met, His, Trp, 

sodium adducts of Asp, Glu, C terminus, and the pyroglutamate derivative of glutamic acid were 

set as variable modifications. All peptides identified at 1% False Discovery Rate (FDR) were 

exported from PEAKS along with their protein identifications. Gene symbols for source proteins 

were extracted from the online UniProt Knowledgebase (UniProt Consortium, 2015) using the 

UniProt protein accession numbers provided by PEAKS upon peptide identification. Peptides were 

additionally screened for their predicted binding to the HLA-A*02:01 allele.  

Peptide Binding Affinity. Peptide binding affinity predictions for peptides of length 8-11 

were obtained for various HLA alleles using the NetMHCPan-3.0 tool, downloaded from the 

Center for Biological Sequence Analysis on March 21, 2016. (Nielsen and Massimo, 2016). 

NetMHCPan-3.0 returns IC50 scores and corresponding allele-based ranks, and peptides with rank 

< 2 and < 0.5 are considered to be weak and strong binders respectively (Nielsen and Massimo, 

2016). Allele-based ranks were used to represent peptide binding affinity. 
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Residue Presentation Scoring Schemes. To create a residue-centric presentation score, 

we evaluated allele-based ranks for the set of kmers of length 8-11 incorporating the residue of 

interest, resulting in 38 peptides for single amino acid positions (Figure 1.1A). Insertion and 

deletion mutations were modeled by the total number of 8-11mer peptides differing from the native 

sequence (Figure S1.1J). We evaluated several approaches to combine the HLA allele-specific 

ranks for residue/mutation-derived peptides into a single score representing the likelihood of being 

presented by MHC-I: 

•   Summation (rank < 2): The summation score is the total number out of 38 possible peptides 

that had rank < 2. This scoring system results in an integer value from 0 to 38, with residues 

of 0 being very unlikely to be presented and higher numbers being more likely to be 

presented. 

•    Summation (rank < 0.5): The summation score is the total number out of 38 possible 

peptides that had rank < 0.5. This scoring system results in an integer value from 0 to 38, 

with residues of 0 being very unlikely to be presented and higher numbers being more 

likely to be presented. 

•   Best Rank: The best rank score is the lowest rank of all of the 38 peptides. 

•   Best Rank with cleavage: We modified the best rank score by first filtering the 38 possible 

peptides to remove those unlikely to be generated by proteasomal cleavage as predicted by 

the NetChop tool (Keşmir et al., 2002). Netchop relies on a neural network trained on 

observed MHC-I ligands cleaved by the human proteasome and returns a cleavage score 

ranging between 0 and 1 for the C-terminus of each amino acid. A threshold of 0.5 is 

recommended by the NetChop software manual to designate peptides as likely to be 

generated by proteasomal cleavage. Thus we retained only the peptides receiving a 
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cleavage score greater than 0.5 just prior to the first residue and just after the last residue. 

The best rank with cleavage score is the lowest rank of the remaining peptides. 

Mass Spectrometry-based Presentation Score Validation. We acquired Mass 

spectrometry data from Abelin et al. (Abelin et al., 2017)that catalogs peptides observed in 

complex with MHC-I on the cell surface across 16 HLA alleles, with between 923 and 3609 

peptides observed bound to each. These data were combined with a set of random peptides to 

construct a benchmark for evaluating the performance of scoring schemes for identifying residues 

presented on the cell surface as follows: 

•   Converting MS peptide data to residues: The Abelin et al. MS data provides peptide 

observed in complex with the MHC-I, whereas our presentation score is residue-centric. 

For each peptide in the MS data, we selected the residue at the center (or one residue before 

the center in the case of peptides of even length) as the residue for calculating the residue-

centric presentation score. 

•   Selection of background peptides: We selected 3000 residues at random from the Ensembl 

human protein database (Release 89) (Aken et al., 2017) to ensure balanced representation 

of MS-bound and random residues. Since the majority of residues are expected not be be 

presented by the MHC (Nielsen and Massimo, 2016), we expect that the randomly selected 

residues represent a reasonable approximation of a true negative set of residues that would 

not be presented on the cell surface. 

•   Scoring benchmark set residues: We calculated presentation scores with each scoring 

scheme for all of the selected residues from the Abelin et al. data and the 3000 random 

residues against each of the 16 HLA alleles. 
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•   Evaluating scoring scheme performance using the benchmark: For each scoring scheme, 

scores were pooled across the 16 alleles. The distribution of scores for the MS-observed 

residues was compared to the distribution of scores for the random residues for each score 

formulation (Figure S1.1).  For the best rank, residues were grouped at score intervals of 

0.25 and for the summation, residues were grouped at integer values between 0 and 38. At 

each scoring interval, we divided the fraction of MS-observed residues falling into the 

interval by the fraction of random residues falling into that interval. 

•   Visualizing score performance with Receiver Operating Characteristic (ROC) Curves: We 

plotted and compared ROC curves (Figure S1.1J,K) for each score formulation by 

calculating the True Positive Rate (% of observed MS residues predicted to bind at a given 

threshold) and the False Positive Rate (% of random residues predicted to bind at a given 

threshold) across a range of thresholds as follows: 

o   Summation (rank < 2): 0 through 38 by increments of 1 

o   Summation (rank < 0.5): 0 through 38 by increments of 1 

o   Best Rank: 0 through 100 by increments of 0.1 

o   Best Rank with Cleavage:  0 through 100 by increments of 0.1 

We assessed overall score performance using the area under the curve (AUC) statistic. The 

best rank presentation score was selected for all subsequent analyses. 

MS-based Evaluation of the Presentation of Mutated Residues Present in Cancer Cell 

Lines. We acquired the list of somatic mutations present in the genomes of five cancer cell lines 

(SKOV3, A2780, OV90, HeLa and A375) from the Cosmic Cell Lines Project (Forbes et al., 

2014). We restricted the mutations to the missense mutations observed in genes present in the 

Ensembl protein database and removed all known common germline variants reported by the 



  
 

36 

Exome Variant Server. Furthermore, we used the cell line expression data from the Genomics of 

Drug Sensitivity Center to exclude mutations observed in genes that are expressed in the lowest 

quantile of the specific cell line. For each of these mutated residues, we calculated the presentation 

score for HLA-A*02:01, an allele which had previously been studied in these cell lines (Method 

Details). We then searched the database of MS-derived peptides from each cell line to determine 

whether the mutation was observed in complex with the MHC-I on the cell surface. Since the 

database only contains peptides mapping to the consensus human proteome reference, we searched 

for the native versions of the peptides (Data S1.1A-E). As long as the mutation does not disrupt 

the peptide binding motif, the mutated version should still be presented by the MHC allele which 

can be determined using MHC binding predictions in IEDB (Data S1.1F-J) (Marsh et al., 1999). 

For each cell line, we evaluated the fraction of mutations predicted to be strong and weak binders 

that should be presented based on the corresponding native sequences observed in the MS data 

(Figure 1.1D, Table S1.1F-J). 
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1.6 Figures 

 
 
Figure 1.1. Development of a residue-centric presentation score. 
(A) A graphical representation of calculating the presentation score for a particular residue. Each 
residue can be presented in 38 different peptides of differing lengths between 8 and 11. (B) Single-
allele mass spectrometry data from Abelin et al. was compared to a random background of peptides 
to determine the best residue-centric score for quantifying of extracellular presentation (best rank 
score shown). (C) A ROC curve showing the accuracy of the best rank residue presentation score 
for classifying the extracellular presentation of a residue by an MHC allele. The aggregated 
presentation scores for MS data from 16 different alleles was compared to a random set of residues 
with the same 16 alleles. (D) The fraction of native residues found for the list of mutations 
identified in five different cancer cell lines for strong (rank < 0.5) and weak ( 0.5 ≤ rank < 2) 
binders. The mutated version of the residue is assumed to be presented if the mutation does not 
disrupt the binding motif. See also Figure S1.1 and Table S1.1. 
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Figure 1.2. Development of a patient specific residue-centric score.  
(A) A graphical representation of calculating the patient presentation score for a particular residue. 
Each patient has six MHC alleles. The Patient Harmonic-mean Best Rank (PHBR) presentation 
score is the harmonic mean of the  best rank score of a residue across a patient’s six alleles. (B) 
An experimental schematic of the MS data collection used in the score validation. (C) A ROC 
curve showing the accuracy of the PHBR for classifying the extracellular presentation of a residue 
by a patient’s six MHC alleles for 5 different cell lines (colors), and for peptides from all cell lines 
combined (black). The aggregated PHBR presentation scores for 5 cell lines expressing 6 MHC 
alleles was compared to a random set of residues for the same MHC alleles. See also Figure S1.2 
and Table S1.2. 
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Figure 1.3. Pan-cancer overview of patient-mutation presentation. 
A clustered heatmap of 1,500 patients in TCGA with the 1,018 frequent cancer mutations. The 
patients are selected to achieve equivalent number of each ethnicity. The heatmap is colored by 
PHBR score. Column and row coloring highlight groupings of patients and mutations into different 
categories. See also Figure S1.3 and Table S1.3. 
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Figure 1.4. PHBR predictive power for mutation probability.  
(A) A schematic showing the fundamental hypothesis by which an individual’s MHC allele-
specific coverage of the oncogenic mutational space influences the probability of occurrence of 
oncogenic mutations. (B) A boxplot denoting the difference in PHBR scores for the 1,018 
oncogenic mutations and 9,176 patients split by mutation occurrence. (C) Histogram of PHBR 
scores associated with the presence or absence of mutations. (D-E) The odds ratios (black boxes) 
and 95% confidence intervals associated with a 1 unit increase in PHBR score for different cancer 
types using (D) the within-mutation model and (E) the within-patient model. (F) Boxplots for the 
PHBR scores grouped according to presence or absence for passenger mutations and germline 
variants. (G) A boxplot denoting the difference in patient-specific presentation scores for acquired 
mutations when divided into driver mutations and passenger mutations. (H) Boxplots showing the 
total number of mutations acquired for patients who acquired a mutation in one of their HLA genes 
versus those that did not. Patients are divided by tumor type and only the tumor types with at least 
five HLA mutated patients are shown. See also Figure S1.4, Table S1.5, and Table S1.6. 
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Figure 1.5. Population median presentation of recurrent oncogenic mutations determines 
their frequency among tumors.  
Heatmap showing PHBR presentation scores for all 9,176 patients of the 1018 recurrent cancer 
mutations (observed in at least three patients) grouped by their mutation count in TCGA and 
displayed as a median. The median PHBR score across the population for each mutation group is 
plotted above the heatmap. The number of times the mutation group is observed in TCGA is plotted 
below the heatmap. The correlation between the mutation count in TCGA and the median PHBR 
score is calculated with a Spearman Test. See also Figure S1.5. 
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Figure 1.6. Recurrent oncogenic mutations are universally poorly presented by the human 
MHC-I.  
(A) Boxplots denoting the distribution of residue presentation scores for 6 different classes of 
residue including 2,915 MHC-I alleles. (B) The fraction of residue presentation scores in (A) that 
fall below the 0.5 threshold of strong binding and the 2 threshold of binding. (C) Boxplots denoting 
the distribution of residue presentation scores for mutated residues in oncogenes, tumor suppressor 
genes and random genes as compared to the native versions of the same residues with 2,915 MHC-
I alleles. Outliers are excluded for visualization purposes. (D) The fraction of residue presentation 
scores in (C) that fall below the 0.5 threshold of strong affinity and the 2 threshold of any affinity. 
See also Figure S1.6. 
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1.7 Tables 

Table 1.1. Quantitative estimate of the association between PHBR score and mutation 
occurrence.  
Odds ratios, 95% confidence intervals and p-values are shown for within-mutation and within-
patient models relating PHBR score to mutations observed ≥ 5 times across tumors. Models 
relating PHBR score to a set of 1000 passenger mutations and 1000 germline variants serve as 
controls. See also Table S1.4. 
 

 Within-residue Within-patient 
 Odds ratio 95% CI P-value Odds ratio 95% CI P-value 
≥5 mutations 1.03 (0.997,1.06) 0.17 1.28 (1.25,1.31) <2x10-16 

Passenger mutations 1 (0.97,1.03) 0.95 1 (0.96,1.03) 0.97 
Germline variants 0.997 (0.994,0.999) 0.15 0.995 (0.993,0.996) 5.8x10-10 
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1.8 Supplemental Data, Tables and Figures 

Data S1.1. Mutation presentation in specific cell lines.  
(A-E) Mutations predicted to be presentable by HLA-A02:01 in 5 cancer cell lines. The subset of 
mutations that were detected by mass spectrometry are indicated in bold. (F-J) Binding motif 
details and predicted binding affinities for experimentally observed peptides corresponding to 
somatic mutations found in 5 cancer cell lines. 
 
Data S1.2. HLA-typing of TCGA patients.  
Patients are grouped according to the tool(s) used to predict their HLA alleles. The groups include 
(A) Polysolver-Optitype consensus, (B) Optitype, (C) Polysolver and (D) Snp2HLA. 
 
Data S1.3: Summary of residues analyzed.  
(A-E) Lists of residues analyzed, including the set of likely driver mutations (SNVs and indels) 
with mutation count in TCGA, randomly generated mutations, common germline variants and 
passenger mutations in TCGA. (F-G) Recurrent oncogenic mutations annotated according to the 
fraction of patients predicted to present each mutation. 
 
Data S1.4. Tumor-type specific mutations and PHBR score association with probability of 
mutation at different recurrence cutoffs.  
(A-D) Odds ratios, 95% confidence intervals and adjusted p-values for PHBR score association 
with probability of mutation (within-mutation and within-patient) for each tumor type. Tables are 
provided for mutations observed in ≥ 5 and ≥ 20 tumors. (E-BB) The frequencies of the top 10 
most recurrent mutations in each tumor type with at least 100 patients. 
 
Data S1.5. Pathogen species and population HLA allele frequencies.  
(A) Viral and bacterial species from which peptide sequences were sampled. (B-H) HLA alleles 
and population frequencies for reference populations. Only HLA alleles with affinity predictions 
are shown and allele frequencies are normalized. (I) HLA alleles and population frequencies from 
TCGA. Only HLA alleles with affinity predictions are shown. 
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Table S1.1. PHBR score association with probability of mutation. 
Odds ratios, 95% confidence intervals and p-values for PHBR score association with probability 
of mutation (within-mutation and within-patient). The upper half of the table describes models fit 
using all mutations observed in ≥3, ≥ 10, ≥ 20 or ≥ 40 tumors in TCGA. The lower half of the table 
describes additional control experiments for the model fit based on mutations observed in ≥ 5 
tumors, including a model using PHBR scores based on only HLA-A and HLA-B and a model fit 
using only patients that could be typed by both Optitype and Polysolver. 
 

 Within-residue Within-patients 
 Odds ratio 95% CI P-value Odds ratio 95% CI P-value 
≥ 3 oncogenic mutations 1.02 (0.99,1.04) 0.17 1.18 (1.16,1.2) <2x10-16 
≥10 oncogenic mutations 1.03 (0.99,1.07) 0.17 1.32 (1.29,1.35) <2x10-16 
≥ 20 oncogenic mutations 1.04 (0.99,1.09) 0.17 1.54 (1.49,1.6) <2x10-16 
≥ 40 oncogenic mutations 1.03 (0.97,1.08) 0.46 1.3 (1.25,1.36) <2x10-16 
       
Only HLA-A/HLA-B (≥5) 1.03 (1.002,1.05) 0.15 1.22 (1.20,1.24) <2x10-16 
Consensus HLA typing (≥5) 1.01 (0.97,1.05) 0.62 1.33 (1.29,1.37) <2x10-16 
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Table S1.2. PHBR and PBR score comparison.  
A comparison between PHBR and PBR score association with probability of mutation pan-cancer. 
 

 Within-residue Within-patient 
 Odds ratio 95% CI P-value Odds ratio 95% CI P-value 
PBR 1.02 (0.99, 1.04) 0.102 1.203 (1.18, 1.22) <2 x 10-16 

PHBR 1.03 (0.99, 1.06) 0.075 1.280 (1.25, 1.31) <2 x 10-16 
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Figure S1.1. Scoring residue presentation based on predicted binding affinity.  
(A) The number of 8-11mer peptides that differed from the native sequence for recurrent in-frame 
indels pan-cancer. (B-E) The distribution of residue-centric presentation scores for MS-observed 
peptides and randomly selected residues for (B) best rank, (C) summation (rank < 2), (D) 
summation (rank < 0.5), and (E) best rank with cleavage. (F-I) The log of the ratio between the 
fraction of MS-observed residues and the fraction of random residues detected over regular score 
intervals for (F) best rank, (G) summation (rank < 2), (H) summation (rank < 0.5), and (I) best 
rank with cleavage. (J) A ROC curve revealing the accuracy of classification for several different 
presentation scoring schemes. (K) A heatmap showing the AUCs for the 16 alleles for each 
presentation scoring scheme. 
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Figure S1.2. HLA-typing of TCGA patients.  
(A) The number of patients in TCGA that were successfully HLA-typed with Optitype, Polysolver 
and Snp2HLA respectively. (B) Bar plot depicting the number of patients with varying agreement 
of HLA-typing across all six alleles for patients that were successfully typed with Optitype and 
Polysolver. (C) Principal Components Analysis of TCGA European ancestry samples with 
HapMap III to evaluate population substructure. The first two principal components explained 
87% of the variation in genotype among samples. Only samples in the black box were HLA-typed 
with Snp2HLA. (D) The combination of HLA-typing methods used for the 9,176 patients included 
in the analysis. (E-G) Top 15 alleles by frequency for (E) HLA-A, (F) HLA-B and (G) HLA-C 
across the TCGA patients used in the analysis. (H-J) Comparisons of HLA allele frequencies 
between different populations: (H) TCGA-Caucasian (I) TCGA-African (J) TCGA-Japanese. 
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Figure S1.3. PHBR scores across mutations and patients. 
(A) A histogram showing the number of mutations presented (PHBR < 4) by different fractions of 
the patient population. (B) A histogram showing the number of mutations strongly presented 
(PHBR < 1) by different fractions of the patient population. (C) A histogram showing the 
distributions of patients that can present (PHBR < 4) different fractions of the 1018 recurrent 
oncogenic mutations from Table S5. (D) A histogram  showing the distributions of patients that 
can strongly present (PHBR < 1) different fractions of the 1018 recurrent oncogenic mutations 
from Data S1.3. 
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Figure S1.4. Evaluating the association between PHBR score and probability of mutation.  
(A-B) Non-parametric estimate of the logit-mutation probability as a function of log-PHBR scores 
considering mutations ≥ 5 (A) Scatter plot of  logit-mutation probability vs log-PHBR. (B) GAM-
estimated logit-mutation probability versus log-PHBR score. (C-F) Odds ratios (black squares) 
and their 95% confidence intervals (discontinuous lines) for acquiring a mutation displayed for all 
cancer types for (C) the within-residue model for mutations occurring ≥ 5 times in TCGA and for 
(D) the within-patient model for mutations occurring ≥ 5 times in TCGA (E) within-residue model 
for mutations occurring ≥ 20 times in TCGA and  (F) within-patient model for mutations occurring 
≥ 20 times in TCGA. (G) A ROC curve showing the accuracy of the PHBR and the PBR for 
classifying the extracellular presentation of a residue by a patient’s six MHC alleles. The 
aggregated PHBR/PBR presentation scores for 5 cell lines expressing 6 MHC alleles was 
compared to the PHBR/PBR scores for a random set of residues based on the same MHC alleles. 
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Figure S1.5. Robustness of the relationship between PHBR score and mutation frequency 
among tumors.  
(A) Heatmap showing the PHBR scores considering only HLA-A and HLA-B in all 9,176 patients 
for the 1018 recurrent cancer mutations grouped by their mutation count in TCGA and displayed 
as a median. The median PHBR score across the patient population for each mutation group is 
plotted above the heatmap. The number of times the mutation group is observed in TCGA is plotted 
below the heatmap. The correlation between the mutation count in TCGA and the median patient 
presentation score is calculated with a Spearman Test. (B) A plot showing the relationship between 
tumor type and mutations used to test correlation between median PHBR score and mutation 
frequency. Colored points indicate mutations for which the majority (> 50%) of tumors with that 
mutation belonged to a specific tumor type. 
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Figure S1.6. Universally poor presentation of recurrent oncogenic mutations by human HLA 
alleles revisited.  
(A) Bar graph of the number of alleles per HLA gene for which affinity prediction is supported by 
NetMHCPan3.0. (B) Bar graph showing the number of residues for each of the 6 peptide classes 
for which pan-HLA presentation rates were compared. (C) Distribution of the expected fraction of 
residues generating a strong binding peptide (best rank < 0.5) determined by down-sampling the 
random set to match the number of recurrent oncogenic mutations 1000 times. The vertical black 
line represents the observed fraction of recurrent oncogenic residues that generated strong binding 
peptides, corresponding to an empirical p-value of 0.006. (D) Boxplot showing the average PHBR 
score for residues in functional domains and those outside of functional domains. The analysis was 
performed across all residues in 100 randomly selected proteins from the human proteome. (E) 
Bar plot shows the fraction of residues in functional domains and out of functional domains. (F-
L) Bar graphs denoting the percentage of residue-MHC pairs with strong binding peptides (best 
rank < 0.5) for each residue class. (F) Only HLA alleles observed in different populations (G,J) 
only HLA-A and -B (H,K) including all mutations at lower frequencies (≥ 3 in TCGA), (I,L) 9-
mer peptides only. 
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CHAPTER 2: Evolutionary pressure against MHC class II binding cancer 

mutations 

 

 
2.1 Abstract 

The anti-cancer immune response against mutated peptides of potential immunological 

relevance (neoantigens) is primarily attributed to MHC-I-restricted cytotoxic CD8+ T-cell 

responses. MHC-II-restricted CD4+ T-cells also drive anti-tumor responses, but their relation to 

neoantigen selection and tumor evolution has not been systematically studied. Modeling the 

potential of an individual’s MHC-II genotype to present 1,018 driver mutations in 5,942 tumors, 

we demonstrate that the MHC-II genotype constrains the mutational landscape during 

tumorigenesis in a manner complementary to MHC-I. Mutations poorly bound to MHC-II are 

positively selected during tumorigenesis, even more than mutations poorly bound to MHC-I. This 

emphasizes the importance of CD4+ T-cells in anti-tumor immunity. In addition, we observed less 

inter-patient variation in mutation presentation for MHC-II than for MHC-I. These differences 

were reflected by age at diagnosis, which was correlated with presentation by MHC-I only. 

Collectively, our results emphasize the central role of MHC-II presentation in tumor evolution.  
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2.2 Introduction 

The Major Histocompatibility Complex (MHC) is one of the most polymorphic gene 

systems found in living organisms.  This formidable polymorphism has led to the idea that MHC 

diversity is maintained so that heterozygous individuals are able to recognize and cope with a wide 

variety of microbial pathogens (overdominance model) (Carrington et al., 1999; Doherty and 

Zinkernagel, 1975; Messaoudi et al., 2002). Thus, in the interplay between microbial pathogens 

and an individual immune system, immune escape by mutation necessitates that the pathogen must 

accumulate multiple mutations before immunity is lost (immune pressure) (Bonhoeffer and 

Sniegowski, 2002; Nowak and Bangham, 1996).  

 Genomic interrogation of cancer has made it possible to catalogue non-synonymous 

mutations that could create cell surface peptide/MHC complexes potentially recognizable by T 

cells (e.g., neoantigens).  This information is central to efforts to understand the role of the MHC 

in cancer evolution. To this end, we recently reported that MHC-I molecules play a significant role 

in shaping the mutational landscape of cancer (Marty et al., 2017). We demonstrated that mutations 

were more likely to be observed in tumors if the background MHC-I genotype resulted in poor 

affinity for peptides harboring the mutation, with implications for individual mutation probability 

and population mutation frequencies. These findings demonstrated that genomic variation in the 

MHC can play a significant role in shaping tumor genomes. 

MHC-II molecules typically present 12-16 amino acid peptides to CD4+ T cells.  CD4+ T 

cells play a more complex role than CD8+ T cells. While possessing cytotoxic effector properties 

similar to CD8+ T cells, they also exert a wide range of regulatory functions that distinguish them 

from CD8+ T cells.  Classically, CD4+ T cells provide functional help to B cells, CD8+ T cells 

and CD4+ T cells in the form of cooperation involving cognate interaction with an antigen 
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presenting cell (B cell or dendritic cell) (Cassell and Forman, 1988; Gerloni et al., 2000; Mitchison, 

1971; Schoenberger et al., 1998). The role of CD4+ T cells in tumor immunity and protection has 

been proven in many studies in the mouse ((Haabeth et al., 2014; Hung et al., 1998; Wang, 2001). 

Indeed, patients responding to immunotherapy show a strong proliferative CD4+ T cell response 

to tumor-associated antigens Adoptive CD4+ T cell therapy has been associated with durable 

clinical responses in melanoma (Hunder et al., 2008) and cholangiocarcinoma (Tran et al., 2014) 

patients.  

While these results suggest the essential role of MHC-II molecules in antigen presentation 

and in immune detection of mature tumors through neoantigen recognition, little is known about 

how MHC-II impacts emerging tumors. MHC-II, like MHC-I, is highly variable amongst humans 

with 4,802 documented alleles (Robinson et al., 2015). However, the antigen affinity of each 

MHC-II molecule is influenced by two genes, producing a combinatorial effect that leads to higher 

variation than MHC-I (Unanue et al., 2016). Because the average MHC binding affinity for MHC-

II-restricted peptides required to activate CD4+ T cells is less stringent than that for MHC-I 

restricted peptides (Southwood et al., 1998), the MHC-II peptide binding groove structure allows 

more promiscuous binding of peptides (Consogno et al., 2003; Kobayashi et al., 2000), and CD4+ 

T cell responses can extend to encompass additional antigens after initial activation (epitope 

spreading (Hunder et al., 2008)), understanding the impact of MHC-II molecules in cancer 

immunity and cancer evolution is also more complex than for MHC-I.  

Does high inter-individual variation in MHC-II genotype contribute to shaping the 

prevalence of mutations in cancer and directly influence patient-specific tumor development? To 

test this hypothesis, we adapted our strategy for analysis of MHC-I presentation to MHC-II. First, 

we adjusted the MHC-I specific Patient Harmonic-mean Best Rank (PHBR-I) score to account for 



  
 

68 

differences in MHC-II peptide binding. We used multi-allelic mass spectrometry data to validate 

the effectiveness of the score to represent peptide presentation by an individual’s MHC-II 

genotype. Next, we determined and analyzed the MHC-II PHBR scores (PHBR-II) of 1,018 

recurrent mutations for 5,942 patients in The Cancer Genome Atlas (TCGA). We found that MHC-

II genotype has an even stronger influence over mutation probability than the MHC-I genotype.  
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2.3 Results 

Creating an affinity-based MHC-II genotype scoring scheme. To study the role of 

MHC-II during tumorigenesis, we needed a score linking MHC-II genotype to presentation of 

specific mutations. We first constructed a score representing the ability of a single MHC-II 

molecule to present a residue. We previously established that using the best rank among peptides 

provided the best performance for predicting MHC-I presentation. We therefore adapted this 

scoring scheme to reflect the structure and composition of MHC-II. Three molecules (HLA-DR, 

HLA-DP, and HLA-DQ) make up the MHC-II, all of which are heterodimers formed by an alpha 

and beta chain (Unanue et al., 2016). Both the alpha and the beta chain influence the binding 

affinity of a peptide. In contrast to MHC-I, the MHC-II binding groove is open at both ends, 

allowing longer peptides to bind. To predict binding affinity to each alpha and beta paired MHC-

II molecule, we used netMHCIIpan-3.1 which returns a single rank for the pair with each peptide 

(Karosiene et al., 2013). Unlike netMHCpan-3.0, netMHCIIpan-3.1 has only been optimized for 

15-mers and not for varying lengths. As previously, we assigned the best rank of all 15-mers 

containing the desired residue for the single MHC-II molecule presentation score (Figure 2.1A).  

Next, we combined single molecule residue-centric presentation scores into an MHC-II 

genotype score. Previously, MHC-I single allele best rank scores were combined using the 

harmonic mean resulting in the Patient Best-rank Harmonic Mean (PHBR-I) score, as this 

outperformed all other tested formulations. To create an analogous score for MHC-II, we modified 

the PHBR-I score to account for the different composition of MHC-II molecules. The MHC-II 

genotype comprises 2 copies each of HLA-DR alpha and beta, HLA-DP alpha and beta and HLA-

DR alpha and beta. HLA-DRA is the only non-variable gene in the population, resulting in only 2 

possible HLA-DR heterodimers. Each individual can form four possible alpha-beta heterodimers 
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from HLA-DP and HLA-DQ. This results in a total of 10 possible unique heterodimeric MHC-II 

molecules (Figure 2.1B). To weight each gene equally in the final presentation score, each HLA-

DRB1 allele is considered twice, bringing the total number of complexes to twelve. To evaluate 

the combined effect of these complexes on the presentation of a residue, the best rank score is 

calculated for all twelve complexes and those twelve values are combined using the harmonic 

mean to create a PHBR-II score (Figure 2.1C).   

To assess the performance of the PHBR-II score at predicting extracellular presentation, 

we compared the scores for peptides derived from several multi-allelic HLA-DR expressing cell 

lines against matched scores for randomly derived peptides (Ciudad et al., 2017) (Figure 2.1D). 

The combined AUC across all cell lines was 0.69 (Figure 2.1E). This formulation of the PHBR-

II score out-performed another scoring variation where peptides of varying lengths were 

considered (Figure S2.1). Two reasons contribute to the reduced performance relative to MHC-

I  (ROC AUC 0.75) (Marty et al., 2017). First, predicting single allele MHC-II binding has higher 

error than predicting single allele MHC-I binding (Andreatta et al., 2018; Paul et al., 2015; Wang 

et al., 2008). Second, computing an AUC value requires a non-binding negative set of residues. 

We employ a random set of residues when evaluating PHBR scores for both MHC classes; 

however, MHC-II has a larger effective binding range than MHC-I. As a result, the negative set 

should have an order of magnitude more actual binding residues for MHC-II than MHC-I. Thus, 

lack of an appropriate negative set for MHC-II deflates the calculated AUC value. For this 

application, namely using predicted MHC class II binding affinities to identify T cell epitopes for 

which the exact restricting MHC class II molecule is not known, performance measured by AUC 

values is typically around 0.7 (Alessandro Sette and Peter Bjoern, private communication). Despite 
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these limitations, the PHBR-II score contains significant signal that renders it useful for further 

analysis.  

 Finally, we applied the HLA-HD tool (Kawaguchi et al., 2017) to predict HLA-II alleles 

for patients in TCGA with exome sequencing data (Data S2.1). To the best of our knowledge, 

HLA-HD is currently the only tool that can call alpha and beta alleles for HLA-DR, HLA-DP and 

HLA-DQ with high accuracy. Thus, from a total of 8,333 patients with exome sequencing, we 

successfully typed 7,929 patients at all three genes. To validate these HLA types, we also applied 

xHLA (Xie et al., 2017), which calls the beta alleles for HLA-DR, HLA-DP and HLA-DQ. We 

restricted our patient set to samples where both HLA-HD and xHLA completely agreed, leaving 

5,942 patients (Data S2.1, Figure S2.2A). Within the typed TCGA patients, HLA-DPA1 revealed 

the least population variation, with only 14 types represented and the most common allele (HLA-

DPA1*0103) at a frequency of 0.76 in the population. HLA-DRB1 had the most variation in the 

population, with 74 types represented, the most common of which (HLA-DRB1*0701) was 

observed at only a frequency of 0.20 (Figure S2.2B-F). 

Recurrent cancer mutations are poorly presented by human MHC-II. Mutations that 

drive the early development of tumors should be observed more frequently across tumors 

(Lawrence et al., 2013). We therefore used recurrence of mutations in established oncogenes and 

tumor suppressors (Davoli et al., 2013) as criteria to assemble a list of 1,018 cancer driving 

mutations likely to have occured prior to immune evasion and that could therefore reflect the 

effects of selection by immunosurveillance. We calculated PHBR-II scores for every mutation-

patient combination, resulting in a matrix of 5,942 patients (Data S2.2, Figure 2.2; rows) and 

1,018 mutations (Figure 2.2; columns). The matrix provides a high-level overview of the MHC-

II presentation landscape across cancer patients and recurrent cancer mutations. Patients and 
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mutations were clustered according to similarity of presentation score profiles. While we observed 

no obvious clustering of patients by tumor type or infiltration by CD4+ T cells (Newman et al., 

2015), we did observe expected clusters of samples with shared ancestry, resulting from 

population-specific differences in MHC-II allele frequencies. Interestingly, we observed bias 

toward poor presentation of tumor suppressor mutations by MHC-II across the entire population 

(Fisher’s Exact Test, PHBR-II ≥ 10, OR (Odds Ratio) =1.43, p=0.006). Notably, this same 

enrichment was not present for MHC-I presentation (Fisher’s Exact Test, PHBR-I ≥ 2, OR=1.33, 

p=0.40). Although only a small fraction of the tested mutations were in-frame indels, there was no 

clear difference between the MHC-II presentation of missense mutations and indels. Interestingly, 

when a similar matrix was generated using the wild type sequences instead of the mutations, the 

presentation of the sequences across the population were highly concordant (Pearson r = 0.96, 

Figure S2.3A-B).  

 Next, we compared the ability of the 5,942 cancer patients to present different classes of 

residues by MHC-II. We calculated the PHBR-II scores of every patient for 1,000 viral residues, 

1,000 bacterial residues, 1,000 common polymorphisms and 1,000 random mutations (Marty et 

al., 2017). To compare the behaviors of PHBR-II scores, we visualized raw distribution and the 

cumulative distribution function (CDF) for each class of residues. Viral and bacterial residues were 

presented the most effectively out of these classes by the patients in the population (Figure 2.3A). 

Assuming that the MHC-II system has primarily evolved to ward off pathogens, it is not surprising 

that the CDF curves are shifted to the left in comparison with other classes, with more than 27% 

of viral and 29% of bacterial PHBR-II scores falling below a PHBR-II threshold of 6 (threshold 

based on 0.2 false positive rate) (Figure 2.3B, Figure S2.4A) (Table S2.1 for confidence intervals 

(CI)). Common germline polymorphisms and random mutations should in contrast approximate 
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events that are selectively neutral. MHC-II presentation of germline variants should in principle 

be decoupled by tolerance such that germline variants should not be biased to occur in particularly 

well or poorly presented peptides. Similarly, randomly selected mutations should represent an 

unbiased sample of background MHC-II presentation. Consistent with positive selection, pathogen 

residues are presented significantly better than germline variants or random mutations by MHC-II 

across the population than, yet still 22% and 23% of PHBR-II scores fall below the 6 PHBR-II 

threshold, for common germline polymorphisms and random mutations, respectively. In contrast, 

distributions of PHBR-II scores for recurrent mutations in oncogenes and tumor suppressors 

(observed >10 times in MHC-II typed population) show a shift upward toward poor presentation 

relative to random mutations  (p < 2.2e-16), with only 12% of scores for mutations in oncogenes 

falling below the 6 PHBR-II threshold. Strikingly, there was even poorer presentation of mutations 

in tumor suppressor genes (p < 2.2e-16; relative to random mutations), with only 7% of PHBR-II 

scores below the 6 PHBR-II threshold. The differences observed in MHC-II presentation for these 

classes of mutation were robust to to the inclusion of less recurrent (observed >2 times in TCGA) 

cancer mutations (Figure S2.4B) and to using different samples of random mutations (Figure 

S2.4C, empirical p < 0.05). Interestingly, these trends were not unique to cancer patients but were 

also observed in alternate human populations, suggesting that MHC-II genotypes do not 

significantly differ between the two populations (Figure S2.4D).  

 We next evaluated whether the recurrence of a mutation was related to its presentation by 

MHC-II by comparing the PHBR-II score distributions of passenger mutations and varying 

frequencies of cancer-driving mutations (Figure 2.3C). Passenger mutations, defined as mutations 

occurring only 1-2 times across all tumors in non-cancer genes, had a PHBR-II score distribution 

very similar to that of random mutations with an enrichment for PHBR-II scores near 0, suggesting 
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that many passengers are likely to be effectively presented. This enrichment of presented passenger 

mutations is consistent with recent reports that HLA loss of heterozygosity is frequent in some 

tumor types (Chowell et al., 2017; McGranahan et al., 2017; Ryschich et al., 2004) and is 

associated with the accumulation of mutations that would have been effectively presented by the 

lost allele (McGranahan et al., 2017). Consequently, 25% percent of the passenger mutation 

PHBR-II scores fall below the PHBR-II cutoff of 6 (Figure 2.3D). In comparison, we observed 

significantly worse presentation with increasing mutation frequency for recurrent mutations 

(observed > 2 times across typed tumors) in known cancer genes (p < 2.2e-14). The percentage of 

PHBR-II scores falling below the PHBR-II threshold of 6 falls with each jump in frequency; from 

20% for low frequency driver mutations (<=5 times; 841 total) to 16% for medium frequency 

driver mutations (>5, <=20 times; 149 total) to a dramatic 8% for high frequency driver mutations 

(>20 times; 28 total) (Figure 2.3D). Despite the striking shift toward larger PHBR-II scores with 

increasing recurrence, MHC-II presentation across patients was not quite significantly correlated 

with mutation frequency (burden) across tumors overall (Spearman rho=0.27, p=0.07, Figure 

S2.4E). This is in contrast to the relationship observed for MHC-I (Spearman rho=0.66, p=1.02e-

6 within the same patient group). We note that median PHBR-II scores for mutations observed 

>10 times tend to be elevated equivalently. This may reflect a threshold beyond which presentation 

no longer occurs, and thus beyond which numeric differences in PHBR-II score should no longer 

be informative about mutation frequency. Taken together, these results suggest that MHC-II based 

presentation across the human population constrains the frequency at which mutations arise across 

tumors.  

MHC-II genotype constrains the landscape of cancer mutations in individual tumors. 

Given observed bias for cancer mutations to be poorly presented by human MHC-II (Figure 2.3A), 
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we hypothesized that MHC-II genotype could influence patient-specific mutation probability. To 

explore this hypothesis, we intersected occurrence of mutations with potential of an individual to 

present those mutations as quantified by their PHBR-II score. PHBR-II scores were separated into 

two groups: those that corresponded to observed mutations and those that corresponded to 

unobserved mutations (Figure 2.4A). Consistent with our hypothesis, we observed a large upward 

shift in PHBR-II distribution for the observed mutations as opposed to the unobserved mutations. 

As mutations become less presentable (higher PHBR-II), the probability of mutation increases 

significantly (Figure 2.4B), with the most pronounced increase occurring at lower PHBR-II 

scores.  

Next, we used a logistic regression with non-linear effects to model the relationship 

between MHC-II genotype and the probability of observing a recurrent somatic mutation in a pan-

cancer setting. We found a substantial increase in odds of acquiring a mutation as PHBR-II scores 

increased (OR=1.23, p < 9.9e-58, Table 2.1). Importantly, passenger mutations, established non-

driver mutations (Data S2.3) and germline polymorphisms did not exhibit the same increase 

(OR=1.00, OR=0.99 and OR=0.99 respectively, Table 2.1). In addition, the OR decreased when 

less stringent HLA type calls were used (OR=1.20), suggesting the importance of accurate HLA 

typing. Since the immune environment can vary considerably across tissue sites, we revisited our 

analysis for each tumor type separately (Figure 2.4C, Data S2.4). Twelve of the eighteen tissues 

had significant positive ORs (p <0.05) after multiple testing correction. Similar to MHC-I, MHC-

II genotype had the strongest effect in thyroid cancer; however, the effects of MHC-II were even 

greater than MHC-I (OR=2.63 versus OR=2.21, considering only thyroid cancer patients with 

confident MHC-I and MHC-II typing) (Figure 2.4C). 
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MHC-II works together with MHC-I to influence mutation probability in individual 

tumors. We previously established the influence of germline MHC-I genotype on the probability 

of observing specific mutations in tumors (Marty et al., 2017). To assess the combined influence 

of MHC-I and MHC-II on mutation probability, we evaluated the correlation between PHBR-I and 

-II scores across recurrent cancer mutations. The range and distribution of PHBR-I and -II scores 

differs substantially (Figure S2.5A), and while lower PHBR scores are indicative of more effective 

presentation in both cases, the range of values where most presentation takes place is expected to 

differ as MHC-II binds peptides with lesser stringency for peptide affinity and more promiscuity 

than MHC-I. These differences suggest the potential for MHC-I and MHC-II to contribute to 

presentation and thus constrain mutation probability in complementary ways. Indeed, we observed 

only a weak positive correlation between PHBR-I and -II score distributions across recurrent 

cancer mutations (Spearman rho=0.36; Figure 2.5A, Figure S2.5B). Consequently, we modeled 

the relationship between the probability of observing a mutation and both classes of PHBR scores 

across the 1,018 recurrent mutations (Figure 2.5B). Mutations with low PHBR scores (effective 

presentation) for either class had a much lower probability of being observed in tumors than 

mutations that had high PHBR scores (poor presentation) for both classes.  

  To quantify the influence of MHC-I and MHC-II on probability of mutation, we used an 

additive logistic regression model with non-linear effects that incorporated both PHBR-I and -II 

scores in the pan-cancer setting. Since the distributions of PHBR-I and -II are very different, we 

calculated the odds ratios between the 25th and 75th percentile PHBR, such that the odds ratio 

represents the increase in odds of observing a mutation amongst individuals with a high PHBR 

score relative to a low PHBR score for each MHC class. Notably, we found the impact of MHC-

II on the probability of a mutation to be larger than the impact of MHC-I (single model 
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incorporating both classes: OR=1.74 with CI [1.67, 1.80] and OR=1.60 with CI [1.54, 1.64], 

respectively). To better understand the relative effects of presentation by MHC II versus MHC I 

in a tissue specific setting, we also estimated their individual effects on mutation probability in a 

joint model.  Consistent with our pan-cancer analysis, we found MHC-II to have more extreme 

effect sizes in most tissues (Figure S2.5C). 

The same driver mutations can occur early or late during tumor development; however, in 

a model where immune selection is impaired later in tumorigenesis by mechanisms of immune 

evasion, selection should be stronger on early clonal occurrences. Therefore, we further annotated 

mutations according to whether they were more likely clonal or subclonal based on relative allelic 

fraction of the mutations (Methods). Consistent with our assumption, likely subclonal mutations 

had decreased ORs relative to PHBR II and PHBR I scores (single class model, reference Table 

2.1: PHBR-II OR=1.13 as compared to 1.21 for all mutations, PHBR-I OR=1.16 as compared to 

1.20 for all mutations, Figure 2.5C), confirming that subclonal events are subject to weaker 

selection. Moreover, when restricting analysis of selection to likely clonal mutations, ORs for both 

PHBR II and PBHR I scores increased (single class model, reference Table 2.1: PHBR-II OR=1.29 

as compared to 1.21 for all mutations, PHBR-I OR=1.29 as compared to 1.20 for all mutations). 

Though mutation calls may be less confident for subclonal mutations, these results suggest that 

true effect sizes may be higher than previously reported. 

Differences in MHC-II versus MHC-I presentation specificities. Next, we explored 

whether practical differences exist in the presentation of particular driver mutations by MHC-II 

versus MHC-I.  We compared the fraction of patients wherein a mutation was presented by MHC-

II with the same fraction for MHC-I (Figure 2.5D, Data S2.5), and further divided mutations into 

four categories: rarely presented by either MHC-I or MHC-II, more frequently presented by MHC-
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I, more frequently presented by MHC-II and frequently presented by both. Interestingly, we 

observed that MHC-II-based presentation tended to be bimodal, such that a mutation was presented 

by most patients, or by almost no patients, with a few notable exceptions including KRAS G12 

(Figure S2.5D). In contrast, MHC-I-based presentation spanned the full range, with many 

mutations presented in varying fractions of patients. Though these trends may be impacted by the 

higher sensitivity of the PHBR-I score as compared to the PHBR-II score, they were constant 

across several thresholds (Figure S2.5E). This suggests that MHC-II-based presentation may be 

more shared across patients, whereas MHC-I based presentation is more individual specific. We 

further investigated the mutations frequently presented by both MHC-I and MHC-II because we 

would expect them to arise with low likelihood in cancer. Indeed, these mutations had lower allelic 

fractions than mutations presented well by at least MHC-I or MHC-II (Mann-Whitney, p=0.03), 

suggesting these mutations are subclonal, arising after immune evasion and could be effectively 

eliminated by the immune system.  

Based on this analysis, the relative abundance of class I peptides appears to be higher than 

that for class II, suggesting better potential for engineering class I anti-tumor responses; however, 

recents reports suggest a bias for responses to be CD4+ driven in practice (Ott et al., 2017). This 

could indicate that TCR availability is a major bottleneck for effective CD8+ immune responses. 

Evidence for distinct effects of class II versus class I driven immunosurveillance. 

Differences in the dynamics of peptide presentation and immune response for MHC-I versus 

MHC-II may have important implications for tumor-immune interactions. Whereas MHC-I binds 

peptides with high specificity, MHC-II binds a broader array of peptides with a high degree of 

promiscuity.  CD4+ T cells activated by MHC-II-peptide complexes can play either a regulatory 

or an effector role, whereas CD8+ T cells are strictly (cytotoxic) effectors. The different properties 
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of class I and II based immunity (Unanue et al., 2016; Yewdell and Haeryfar, 2005) are essential 

for an effective defense against pathogens, but the implications for anti-tumor responses are less 

clear. We therefore sought to further quantify the potential for these distinct roles to introduce 

measurable differences between class I and class II mediated immunosurveillance during tumor 

development. 

Because of its established regulatory role in cancer, we reasoned that MHC II driven 

immunosurveillance could have a larger effect on the immune microenvironment than MHC I. 

Using CIBERSORT (Newman et al., 2015) to evaluate infiltration by different immune cell types 

into tumors, we sought to identify a relationship between immune infiltrates, cytotoxicity score 

(Rooney et al., 2015) and strength of immune selection. We divided patients into groups based on 

their immune infiltrates and cytotoxicity scores and tested for differences in immune selection 

(Figure S2.6A-D), but did not find any significant relationships. This apparent lack could be an 

artifact of the timing of the MHC-imposed selection relative to when the RNA samples were taken.  

Population level variation in effectiveness of cancer-relevant immunosurveillance could 

also relate directly to cancer susceptibility. We reasoned that patients whose MHC genotype could 

present a larger fraction of driver mutations to the immune system would be more resistant to 

developing cancer. As homozygous genotype at MHC alleles could reduce the diversity of 

presented peptides, we compared presentation across patients with different levels of 

homozygosity. We quantified coverage of cancer causing mutations as the fraction of the 1,018 

driver mutations that could be presented by the MHC-II genotype of each patient (Methods) and 

henceforth refer to this fraction as MHC-II coverage. As expected, patients with more homozygous 

MHC-II alleles were able to present a smaller fraction of the space due to their decreased MHC 
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diversity (Figure 2.6A). MHC-I (using a PHBR-I cutoff of 2 (Nielsen and Andreatta, 2016)) and 

showed a similar trend (Figure 2.6B).   

Next, we asked whether higher MHC coverage could delay the development of cancer. We 

reasoned that if two patients acquired a cancer driving mutation at the same time, the patient with 

higher MHC coverage would be more likely to expose their mutation to the immune system and 

stop expansion of the cancer. Thus, high MHC coverage should lead to diagnosis with cancer later 

in life, and vice-versa (Figure 2.6C). First, we tested MHC-II, but found no relationship between 

age at diagnosis and coverage (p = 0.51, Figure S2.7A). In contrast, patients with higher MHC-I 

coverage of driver mutations were more often diagnosed with cancer at a later age (p = 0.01, 

controlling for tumor type and ancestry, Figure 2.6D). Across tumor types, the 5% of patients with 

the highest MHC-I coverage were diagnosed with cancer 4 years later than the 5% of patients with 

the lowest coverage (p=0.004, Figure S2.7B), versus a 2 year difference when the highest and 

lowest 10% was used (p=0.02). Across tumor types, hepatocellular carcinoma showed the most 

significant difference after multiple testing correction and was diagnosed on average 7 years earlier 

when MHC-I coverage was low. Though coverage of driver and passenger mutations was strongly 

correlated (MHC-I Pearson R=0.79, MHC-II Pearson R=0.68), the significant association with age 

at diagnosis with MHC-I coverage was not observed for passengers (p=0.11). Within tumor types, 

MHC-I coverage did not correlate with overall mutation burden (Figure S2.7C). These findings 

suggest that the effect on age is specific to MHC-I coverage of driver mutations rather than to 

effects of coverage on mutagenesis in general. Using the number of homozygous MHC-I genes in 

place of coverage showed the same association with age at diagnosis but was more granular since 

patients fall into discrete bins of homozygous genes counts (p=0.024).  
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The observation that MHC-I but not MHC-II coverage is correlated with age at diagnosis 

supports a protective role for CD8+ driven cytotoxicity. The lack of association with MHC-II 

suggests that MHC-II driven CD4+ effector responses against key driver mutations are weaker 

than CD8+ responses. In addition, either the regulatory role of CD4+ driven immune responses 

does not depend on coverage of driver mutations or, as indicated in Figure 2.2, low variance in 

inter-patient coverage by MHC-II causes this effect to be undetectable.  
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2.4 Discussion 

The role of MHC-II in immunity to cancer is of clear relevance (Haabeth et al., 2014; Hung 

et al., 1998; Wang, 2001). MHC-II represents a tumor-autonomous phenotype that predicts 

therapeutic response to immune checkpoint inhibitors (Johnson et al., 2016). CD4+ T cells system-

wide play a central role in the initiation of an anti-tumor response in the context of immune 

checkpoint inhibition (Spitzer et al., 2017) and the response to neoantigens (Zanetti, 2015). 

Surprisingly, melanoma patients immunized against autologous tumor neopeptides predicted to 

bind MHC-I, mounted preferentially MHC-II-restricted CD4+ T cell responses (Ott et al., 2017). 

Besides effector functions (Haabeth et al., 2014), CD4+ T cells exert important regulatory function 

contributing in a fundamental way to the activation and maintenance of CD8+ and CD4+ T cell 

responses (Cassell and Forman, 1988; Gerloni et al., 2000; Janssen et al., 2003; Langlade-

Demoyen et al., 2003; Shedlock and Shen, 2003; Sun and Bevan, 2003; Sun et al., 2004). Thus, it 

appears that MHC-II and MHC-II restricted T cell responses play a pivotal role in the anti-tumor 

response independent of the role of MHC-I and MHC-I-restricted T cell responses. 

To assess how MHC-II genotype impacts emerging tumors, we systematically interrogated 

the role of MHC-II genotype in shaping tumor genomes using a quantitative PHBR-II score 

representing the ability of an individual’s MHC-II genotype to present specific residues. We 

investigated the relationship between MHC-II genotype, somatic mutation probability and tumor 

susceptibility across thousands of tumors.  

Recurrent cancer mutations were presented more poorly by MHC-II genotypes across the 

population than either pathogenic residues or passenger mutations. The strong MHC-II 

presentation of pathogenic residues suggests an evolutionary advantage to MHC-II genotypes able 

to present and evoke elimination of infection (Hedrick, 2002). On the other hand, the difference in 
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MHC-II presentation between recurrent driver and passenger mutations suggests that tumors 

develop under changing selective pressure from tumor surveillance by CD4+ T cells, suggestive 

of immunoediting. As the tumor grows and activates mechanisms to evade the immune system, 

MHC-II presentation becomes less important and passenger mutations are acquired regardless of 

their affinity to MHC-II.  

 In individual tumors, we found that MHC-II presentation impacts the probability of a 

patient acquiring a driver mutation, using passenger mutations and germline variants as negative 

controls. Because the most frequently observed mutations in the TCGA cohort are those that are 

not presented by most HLA genotypes, shuffling HLA alleles does not result in a significant 

change to the effect sizes estimated by our models. We anticipate that carefully designed 

experiments that provide serial monitoring of mutation profiles in the presence of an active 

immune system may be required to understand the true strength of MHC-driven 

selection.  Differences in the effect of MHC-II presentation across tumor types further suggests 

that this selection is greater in some tissue settings than others. The differences could also reflect 

some of the distinct molecular alterations of each tumor type. For example, the strongest effects 

were observed in thyroid cancer, which is characterized by frequent BRAF mutations and RAS 

mutations (NRAS Q61R, HRAS Q61R and NRAS Q61K) (Cancer Genome Atlas Research 

Network, 2014) that are all poorly presented by MHC-II. The weakest effects occurred in prostate 

cancer, which has a somatic landscape dominated by gene fusion and copy number alterations but 

fewer somatic point mutations (Cancer Genome Atlas Research Network, 2015). Developing 

strategies to measure the effect of MHC-II selection on gene fusions and copy number alterations 

could provide further insight into the apparent tumor-type specific differences and role of MHC-

II in specific tumor types.  
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Although gene expression was shown to be a determinant of MHC-driven selection across 

all somatic mutations (Yang et al., 2017), our analysis focused on a small number of driver 

mutations that should be enriched for early events in tumor development. Since gene expression 

in the TCGA was measured from samples taken at diagnosis, it may not accurately reflect the 

levels of expression at earlier times during tumor development; therefore, we omitted expression 

levels from our model. We also found no relationship between MHC-II based mutation and 

expression-derived estimates of tumor infiltrating immune cells.  Indeed, while high levels of T 

cell infiltration at the time of diagnosis is associated with longer disease-free survival (Galon et 

al., 2013), T cell densities decrease along with tumor progression (Bindea et al., 2013). Thus, our 

data may reflect the evolving nature of immune infiltration in tumors. 

Notably, MHC-II had stronger effects than MHC-I in shaping the driver mutations of a 

tumor. Interestingly, these effects appear to be less patient-specific than MHC-I, perhaps due to 

the promiscuous nature of MHC-II peptide binding. Furthermore, these effects could be driven by 

a faster evasion of MHC-I presentation than MHC-II presentation due to mechanisms like HLA 

mutation or HLA loss of heterozygosity that would occur within the tumor but are unlikely to 

affect the MHC-II on professional APCs (McGranahan et al., 2017; Shukla et al., 2015). Another 

possibility is that MHC-II presentation and CD4+ T cell recognition may be a necessary 

prerequisite to CD8+ T cell cytotoxicity and tumor elimination, in agreement with the regulatory 

role of CD4+ T cells. We reason that the stronger effect of MHC-II on the odds of acquiring a 

mutation is consistent with a dual regulatory and effector CD4+ role. If the role of CD4+ T cells 

was purely regulatory, MHC-I specificity would be expected to drive mutation probability. 

Therefore, the role of the MHC-II genotype and MHC-II presentation needs to be properly 

weighted to understand the role of the interplay between mutational burden and tumor evolution. 
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This understanding will be essential in the development of immunotherapies, likely being a critical 

component of their future success. 

 Early detection, diagnosis and treatment of tumors is a major determinant of patient 

morbidity and mortality. Accurate predictions of when, where and how tumors are likely to arise 

would have enormous implications for cancer screening and could improve survival rates. While 

the main contributor to the development of most adulthood tumors is sporadic somatic mutation, 

germline variants have been implicated as a determinant of tumor characteristics (Carter et al., 

2017). Here, we propose that the MHC-II genotype is an additional such germline influence. 

We also noted a direct association between patient MHC-I diversity and age at diagnosis. 

Interestingly, we do not see the same age at diagnosis associations with MHC-II. This observation 

along with the increased effect of MHC-II as compared to MHC-I over mutation selection suggests 

different roles of the two MHC classes. MHC-II appears to exert a stronger selective pressure, 

leading to a stronger effect on somatic mutation probability. This role aligns with the 

understanding of CD4+ T cells as a necessary component of the activation and regulation of CD8+ 

T cells. On the other hand, the diversity of an individual’s MHC-I may play a role in tumor 

susceptibility, but MHC-I appears to have weaker effects on mutation selection. Importantly, our 

estimate of the protective effect of MHC-I is based on an incomplete list of early cancer driving 

mutations, and may therefore underestimate the magnitude of the effect.  

These findings suggest that the combination of MHC genotype with other relevant 

information such as germline risk factors or mutagenic exposures could improve prediction of 

cancer susceptibility. In addition, future improvement of the algorithms that predict peptide 

binding to MHC-II molecules based on affinity, which currently lag behind such algorithms for 

MHC-I, could lead to better accuracy in predicting presentation. Improvements in predictive 
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algorithms will increase our ability to predict cancer risk and predispositions. Importantly, while 

MHC-restricted presentation is the initial event in antigen-specific T cell activation, it may not be 

the only factor required for subsequent elimination by T cell. Thus, accurate prediction of 

presentation and T cell activation may be required to predict the occurrence of specific mutations. 

Finally, in addition to the well-recognized roles of MHC and T cells, one needs to factor in 

additional mechanisms of immune escape and intratumor heterogeneity such as polarization of 

myeloid cells (Zelenay et al., 2015), the local effects of ER stress response (Cubillos-Ruiz et al., 

2015; Rodvold et al., 2017), and NK cells (O’Sullivan et al., 2012).  

In conclusion, we found that predicted MHC-II presentation of cancer-related somatic 

mutations shape tumor development through variation in antigen presentation in complementary 

fashion to MHC-I, highlighting the need to consider the independent yet complementary roles of 

CD4+ and CD8+ T cells in the selection and elimination of tumors.  
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2.5 Materials and Methods 

Data Acquisition. Data were obtained from publicly available sources including The 

Cancer Genome Atlas (TCGA) Research Network (http://cancergenome.nih.gov/), The Allele 

Frequency Net Database (González-Galarza et al., 2015), Ensembl, Exome Variant Server, 

UniProt (The UniProt Consortium, 2014), or cited literature (Ciudad et al., 2017). TCGA normal 

exome sequences and TCGA clinical data were also downloaded from the GDC on September 21-

24th, 2017 and April 25th, 2017 respectively. Furthermore, TCGA somatic mutations were accessed 

from the NCI Genomic Data Commons (https://portal.gdc.cancer.gov/) on May 14th, 2017. 

Population level HLA frequencies were obtained from the Allele Frequency Net Database on 

October 9th, 2015. Common germline variants were downloaded from the Exome Variant Server 

NHLBI GO Exome Sequencing Project (ESP), Seattle, WA on August 13, 2015. Finally, viral and 

bacterial peptides were obtained from UniProt on October 13th, 2015. 

 Single Allele Presentation Score Construction. To create a residue-centric presentation 

score, we evaluated allele-based ranks for peptides containing the residue of interest. Each allele-

based rank was predicted using the NetMHCIIPan-3.1 tool, downloaded from the Center for 

Biological Sequence Analysis on August 15, 2016 (Karosiene et al., 2013). NetMHCIIPan-3.1 

takes a peptide and an MHC-II protein (HLA-DRB1, HLA-DPA1/DPB1 or HLA-DQA1/DQB1) and 

returns binding affinity IC50 scores and corresponding allele-based ranks. Peptides with rank < 10 

and < 2 are considered to be weak and strong binders respectively. Allele-based ranks were used 

to represent peptide binding affinity. Based on previous analysis (Marty et al., 2017), we 

previously established the best rank of possible peptides containing the residue as an effective 

estimator of extracellular presentation. Here we evaluated two approaches to selecting the set of 

peptides containing the residue to consider:  
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•   All 15-mers: Every peptide of length 15 containing the residue of interest, totaling 15 

peptides. 

•   13-mers through 25-mers: Every peptide of length 13 through length 25 containing the 

peptide, totaling in 247 peptides (Wieczorek et al., 2017).  

Insertion and deletion mutations were modeled by the resulting peptides that differed from the 

native sequence and tested with the same peptide-set parameters. These two peptide selection 

models were compared based on performance in a multi-allelic setting and all 15-mers model was 

selected (see below). 

Multi-allele Presentation Score Construction. We defined a patient presentation score 

to represent a particular patient’s ability to present a residue given their distinct set of 12 HLA-

encoded MHC-II molecules (4 combinations of HLA-DPA1/DPB1 and HLA-DQA1/DQB1; 2 

alleles of HLA-DRB1 considered twice each -- since HLA-DRA1 is invariant -- for consistency 

between resulting molecules). The Patient Harmonic-mean Best Rank (PHBR) score was assigned 

as the harmonic mean of the best residue presentation scores for each of the 12 MHC-II molecules 

A lower patient presentation score indicates that the patient’s MHC-II molecules are more likely 

to present a residue on the cell surface.  

Mass Spectrometry-based Presentation Score Validation. In order to test the 

performance of the different peptide sets that could compose the multi-allelic PHBR score to 

predict presentation, we used published MS data for 7 cell lines expressing 2-3 HLA-DRB1 alleles 

typed to the fourth digit (Ciudad et al., 2017). Ciudad et al. catalogs peptides observed in complex 

with MHC-II (HLA-DR) on the cell surface for 7 different combinations of 2-3 HLA-DRB1 alleles, 

with 70 to 240 mappable peptides each. These data were combined with a set of random peptides 
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to construct a benchmark for evaluating the performance of scoring schemes for identifying 

residues presented on the cell surface as follows:  

•   Converting MS peptide data to residues: The Ciudad et al. MS data provides peptides 

observed in complex with the MHC-II, whereas our presentation score is residue-centric. 

For each peptide in the MS data, we selected the residue at the center (or one residue before 

the center in the case of peptides of even length) as the residue for calculating the residue-

centric presentation score.  

•   Selection of background peptides: We selected 3000 residues at random from the Ensembl 

human protein database (Release 89) (Aken et al., 2017) to ensure balanced representation 

of MS-bound and random residues. The randomly selected residues represent an 

approximation of a true negative set of residues that would likely not be presented on the 

cell surface. If this assumption is flawed, the resulting AUC will underestimate the true 

accuracy.  

•   Scoring benchmark set residues: We calculated PHBR presentation scores with each 

peptide set for all of the selected residues from the Ciudad et al. data and the 3000 random 

residues against each of the 7 cell lines.  

•   Evaluating scoring scheme performance using the benchmark: For each scoring scheme, 

scores were calculated for each cell line and pooled across the 7 cell lines. We plotted and 

compared ROC curves for each score formulation by calculating the True Positive Rate (% 

of observed MS residues predicted to bind at a given threshold) and the False Positive Rate 

(% of random residues predicted to bind at a given threshold) from 0 to 100 with steps of 

0.5. Finally, we assessed overall score performance using the area under the curve (AUC) 
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statistic. Based on this analysis, the 15-mer peptide set was used to construct the PHBR 

presentation score for all subsequent analyses. 

HLA-II Typing. HLA genotyping was performed for genes HLA-DRB1, HLA-DPA1, HLA-

DPB1, HLA-DQA1 and HLA-DQB1, which encode three protein determinants of MHC-I peptide 

binding specificity, HLA-DR, HLA-DP, and HLA-DQ. TCGA samples (Table S1) were typed with 

HLA-HD (Kawaguchi et al., 2017), using default parameters. HLA-HD requires germline (whole 

blood or tissue matched) whole exome sequenced samples. The tool reports 100% 4-digit 

validation accuracy across 90 low-coverage exomes. Samples with very low of coverage on 

specific genes are left untyped by HLA-HD. Patients were assigned an HLA-DR type if they were 

successfully typed for HLA-DRB1. Patients were assigned HLA-DP and -DQ types if they had 

successful typing for HLA-DPA1/HLA-DPB1 and HLA-DQA1/HLA-DQB1, respectively. Samples 

were validated by xHLA (Xie et al., 2017), run with default parameters, and only patients were all 

alleles agreed were included in the analysis (Table S2.1, Figure S2.2A). Allele frequencies were 

visualized with horizontal bar graphs (Figure S2.2B-F). 

Selection of Recurrent Oncogenic Mutations, Passenger-like and Non-driver Mutations. 

Somatic mutations were considered to be recurrent and oncogenic if they occurred in one of the 

100 most highly ranked oncogenes or tumor suppressors described by Davoli et al. (Davoli et al., 

2013) and were observed in at least 3 TCGA samples. Among these, we retained only mutations 

that would result in predictable protein sequence changes that could generate neoantigens, 

including missense mutations and inframe indels. A total 1,018 mutations (512 missense mutations 

from oncogenes, 488 missense mutations from tumor suppressors, 11 indels from oncogenes and 

7 indels from tumor suppressors) were obtained (Marty et al., 2017). All mutations observed in 

TCGA patients that did not fall into the 200 most highly ranked cancer genes were designated 
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passenger-like mutations. Furthermore, we created an additional set of established non-cancer 

mutations. To do so, we selected a set of genes from Lawrence et al. that were known non-cancer 

genes and and selected mutations in these genes regardless of their recurrency in TCGA (Table 

S2.3) (Lawrence et al., 2013).  

Selection of Other Classes of Residues. Peptides from pathogens, common germline human 

variants and randomly mutated human peptides were assembled for comparison with recurrent 

oncogenic mutations (Marty et al., 2017). The proteomes of 10 virus species and 10 bacterial 

species were downloaded from UniProt (The UniProt Consortium, 2014). One thousand residues 

were selected at random from both the viral and the bacterial set. A random set of mutations was 

generated by sampling 3,000 possible amino acid substitutions across human proteins from 

Ensembl (release 90; GRCh38) (Aken et al., 2017). A set of 1,000 common germline variants was 

sampled from the Exome Variant Server.  

Generating Mutant Peptide Sequences. To allow determination of peptide sequences 

incorporating missense mutations, protein sequences were obtained from Ensembl (release 90; 

GRCh38) (Aken et al., 2017) and updated with the new amino acid. For indels, we modified the 

corresponding mature messenger RNA transcript sequences (CDS) by inserting or deleting 

nucleotides then translated the modified mRNA to protein sequence. 

Patient Presentation Score-based Clustering. A matrix of PHBR scores was constructed 

with 5,942 TCGA samples as rows, 1,018 recurrent oncogenic mutations as columns, and PHBR 

score in each cell. The matrix was clustered using hierarchical agglomerative clustering on rows 

and columns. For convenience of visualization, a partial matrix is displayed in Figure 2. In order 

to use the dynamic range in heatmap color to display variation in patient presentation scores 

relevant to MHC-II based presentation, the PHBR color scheme only varies from 0 to 40. Colorbars 
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provide additional information about patients and mutations, including ancestry, tumor type and 

T-cell infiltration levels (patients) and mutation type and gene category (mutations). CD4 T-cell 

infiltration was determined using CIBERSORT (Newman et al., 2015), an mRNA-based immune 

infiltration prediction algorithm. Patients were mapped to high, medium-high, medium-low and 

low CD4+ T-cell infiltration categories if their CIBERSORT scores fell into upper to lower 

quartiles respectively.  

Comparison of Presentation Scores for Different Classes of Residue. PHBR presentation 

scores were calculated for 5,942 TCGA patients across different classes of residue including 71 

highly-recurrent (≥10) oncogenic missense mutations, 1000 random amino acid substitution, 1000 

germline variants, 1000 viral residues and 1000 bacterial residues (see Selection of Other Classes 

of Residues). Across categories, this resulted in 24,189,882 PHBR scores (oncogenes: 231,738, 

tumor suppressor genes: 190,144, random: 5,942,000, common: 5,942,000, viral: 5,942,000, 

bacterial: 5,942,000). The distributions of PHBR scores in each category were compared with 

Mann-whitney U tests and visualized with violin plots (Figure 2.3A). Furthermore, we plotted 

cumulative distributions to demonstrate the practical presentation of each class across several 

thresholds and calculated the confidence intervals of each curve with bootstrapping (Figure 2.3B, 

Data S2.3). Finally, we tested 20 independent sets of 1,000 random mutations to evaluate the 

confidence of the cumulative distributions (Figure S2.4C). 

Generation of non-cancer population. As a control population, we used dbGaP samples 

(dbGaP accession numbers: Phs000398, Phs000254, Phs000632, Phs000209, Phs000290, 

Phs000179, Phs000422, Phs000291, Phs000631 and Phs000518) typed at MHC-II using  HLA-

HD (Kawaguchi et al., 2017), with default parameters and typed at MHC-I using Optitype (Szolek 

et al., 2014), with default parameters. Both tools require germline (whole blood or tissue matched) 
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whole exome sequenced samples. We successfully typed the HLA-I genes for 1,386 patients and 

the HLA-II genes for 1,219 patients who had alleles in the netMHCpan-3.0 and the netMHCIIpan-

3.1 database. This control population was used to look at the MHC-II population of different 

classes of peptides by a non-cancer specific population  (Figure S2.4D). The datasets used for the 

analyses described in this manuscript were obtained from dbGaP at 

http://www.ncbi.nlm.nih.gov/sites/entrez?db=gap through dbGaP accession numbers: Phs000398, 

Phs000254, Phs000632, Phs000209, Phs000290, Phs000179, Phs000422, Phs000291, Phs000631 

and Phs000518. We would like to acknowledge the following dbGaP studies and all of their 

contributors: 

•   Phs000398.v1.p1:  The Atherosclerosis Risk in Communities Study is carried out as a 

collaborative study supported by National Heart, Lung, and Blood Institute contracts 

(HHSN268201100005C, HHSN268201100006C, HHSN268201100007C, 

HHSN268201100008C, HHSN268201100009C, HHSN268201100010C, 

HHSN268201100011C, and HHSN268201100012C). The authors thank the staff and 

participants of the ARIC study for their important contributions. This study is part of the 

NHLBI Grand Opportunity Exome Sequencing Project (GO-ESP). Funding for GO-ESP 

was provided by NHLBI grants RC2 HL103010 (HeartGO), RC2 HL102923 (LungGO) 

and RC2 HL102924 (WHISP). The exome sequencing was performed through NHLBI 

grants RC2 HL102925 (BroadGO) and RC2 HL102926 (SeattleGO). HeartGO gratefully 

acknowledges the following groups and individuals who provided biological samples or 

data for this study. DNA samples and phenotypic data were obtained from the following 

studies supported by the NHLBI: the Atherosclerosis Risk in Communities (ARIC) study, 

the Coronary Artery Risk Development in Young Adults (CARDIA) study, Cardiovascular 
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Health Study (CHS), the Framingham Heart Study (FHS), the Jackson Heart Study (JHS) 

and the Multi-Ethnic Study of Atherosclerosis (MESA). 

•   Phs000254.v2.p1: This study is part of the NHLBI Grand Opportunity Exome Sequencing 

Project (GO-ESP). Funding for GO-ESP was provided by NHLBI grants RC2 HL103010 

(HeartGO), RC2 HL102923 (LungGO) and RC2 HL102924 (WHISP). The exome 

sequencing was performed through NHLBI grants RC2 HL102925 (BroadGO) and RC2 

HL102926 (SeattleGO). Collection of the cystic fibrosis data and specimens was supported 

by Awards GIBSON07K0, KNOWLE00A0, OBSERV04K0, and RDP R026 from the 

Cystic Fibrosis Foundation; NHLBI grants R01 HL068890 and R01 HL095396; NCRR 

grant UL1RR025014 and NHGRI grant R00 HG004316. 

•   Phs000632.v1.p1: This study is part of the NHLBI Grand Opportunity Exome Sequencing 

Project (GO-ESP). Funding for GO-ESP was provided by NHLBI grants RC2 HL103010 

(HeartGO), RC2 HL102923 (LungGO) and RC2 HL102924 (WHISP). The exome 

sequencing was performed through NHLBI grants RC2 HL102925 (BroadGO) and RC2 

HL102926 (SeattleGO). The Hematological Cancer specimens and data were collected in 

the laboratory of Dr. Benjamin L. Ebert, Brigham & Womens Hospital/Broad Institute, 

Boston, USA. 

•   Phs000209.v13.p3: MESA and the MESA SHARe project are conducted and supported 

by the National Heart, Lung, and Blood Institute (NHLBI) in collaboration with MESA 

investigators. Support for MESA is provided by contracts N01-HC95159, N01-HC-95160, 

N01-HC-95161, N01-HC-95162, N01-HC-95163, N01-HC-95164, N01-HC-95165, N01-

HC95166, N01-HC-95167, N01-HC-95168, N01-HC-95169, UL1-RR-025005, and UL1-

TR-000040. 
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•   Phs000290.v1.p1: Exome data provided by ARRA – NHLBI Lung Cohorts Sequencing 

Project 1RC2HL102923-01. The authors wish to thank the supported effort of the faculty 

and staff members of the Johns Hopkins University Bayview Genetics Research Facility 

and the Johns Hopkins University ‘Genomics and Genetics of Pulmonary Arterial 

Hypertension’ program (NIH P50 HL084946, P.M. Hassoun, NIH K23 AR52742-01, L.K. 

Hummers, and NHLBI F32 HL083714-01 S. C. Mathai). 

•   Phs000179.v5.p2: This research used data generated by the COPDGene study, which was 

supported by NIH grants U01HL089856 and U01HL089897. The COPDGene project is 

also supported by the COPD Foundation through contributions made by an Industry 

Advisory Board comprised of Pfizer, AstraZeneca, Boehringer Ingelheim, Novartis, and 

Sunovion. 

•   Phs000422.v1.p1: This study is part of the NHLBI Grand Opportunity Exome Sequencing 

Project (GO-ESP). Funding for GO-ESP was provided by NHLBI grants RC2 HL103010 

(HeartGO), RC2 HL102923 (LungGO) and RC2 HL102924 (WHISP). The exome 

sequencing was performed through NHLBI grants RC2 HL102925 (BroadGO) and RC2 

HL102926 (SeattleGO). The following NHLBI Severe Asthma Research Program (SARP) 

sites have contributed parent study data and DNA samples for exome sequencing in this 

project: Wake Forest School of Medicine (R01 HL069167), University of Wisconsin (R01 

HL069116), University of Virginia, Cleveland Clinic (R01 HL069170), National Jewish 

Health, University of Pittsburgh (R01 HL069174), Washington University (R01 

HL069149), Brigham and Women’s Hospital (R01 HL069349) and genotyping was 

supported by NHLBI HL87665 and 1RC2 HL101487). 
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•   Phs000291.v2.p1: This study is part of the NHLBI Grand Opportunity Exome Sequencing 

Project (GOESP). Funding for GO-ESP was provided by NHLBI grants RC2 HL103010 

(HeartGO), RC2 HL102923 (LungGO) and RC2 HL102924 (WHISP). The exome 

sequencing was performed through NHLBI grants RC2 HL102925 (BroadGO) and RC2 

HL102926 (SeattleGO). The authors wish to thank the supported effort of the faculty and 

staff members of the Johns Hopkins University Bayview Genetics Research Facility, 

NHLBI grant HL066583 (Garcia/Barnes, PI) and NHGRI grant HG004738 

(Barnes/Hansel, PI). The Lung Health Study was supported by U.S. Government contract 

No. N01-HR-46002 from the Division of Lung Diseases of the National Heart, Lung and 

Blood Institute. The principal investigators and senior staff of the clinical and coordinating 

centers, the NHLBI, and members of the Safety and Data Monitoring Board of the Lung 

Health Study can be found at http://www.biostat.umn.edu/lhs/ and as follows: Case 

Western Reserve University, Cleveland, OH: M.D. Altose, M.D. (Principal Investigator), 

C.D. Deitz, Ph.D. (Project Coordinator); Henry Ford Hospital, Detroit, MI: M.S. 

Eichenhorn, M.D. (Principal Investigator), K.J. Braden, A.A.S. (Project Coordinator), R.L. 

Jentons, M.A.L.L.P. (Project Coordinator); Johns Hopkins University School of Medicine, 

Baltimore, MD: R.A. Wise, M.D. (Principal Investigator), C.S. Rand, Ph.D. (Co-Principal 

Investigator), K.A. Schiller (Project Coordinator); Mayo Clinic, Rochester, MN: P.D. 

Scanlon, M.D. (Principal Investigator), G.M. Caron (Project Coordinator), K.S. Mieras, 

L.C. Walters; Oregon Health Sciences University, Portland: A.S. Buist, M.D. (Principal 

Investigator), L.R. Johnson, Ph.D. (LHS Pulmonary Function Coordinator), V.J. Bortz 

(Project Coordinator); University of Alabama at Birmingham: W.C. Bailey, M.D. 

(Principal Investigator), L.B. Gerald, Ph.D., M.S.P.H. (Project Coordinator); University of 
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California, Los Angeles: D.P. Tashkin, M.D. (Principal Investigator), I.P. Zuniga (Project 

Coordinator); University of Manitoba, Winnipeg: N.R. Anthonisen, M.D. (Principal 

Investigator, Steering Committee Chair), J. Manfreda, M.D. (Co-Principal Investigator), 

R.P. Murray, Ph.D. (Co-Principal Investigator), S.C. Rempel-Rossum (Project 

Coordinator); University of Minnesota Coordinating Center, Minneapolis: J.E. Connett, 

Ph.D. (Principal Investigator), P.L. Enright, M.D., P.G. Genomics & Genetics of the Lung 

Health Study June 10, 2011 version Page 6 of 8 Lindgren, M.S., P. O'Hara, Ph.D., (LHS 

Intervention Coordinator), M.A. Skeans, M.S., H.T. Voelker; University of Pittsburgh, 

Pittsburgh, PA: R.M. Rogers, M.D. (Principal Investigator), M.E. Pusateri (Project 

Coordinator); University of Utah, Salt Lake City: R.E. Kanner, M.D. (Principal 

Investigator), G.M. Villegas (Project Coordinator); Safety and Data Monitoring Board: M. 

Becklake, M.D., B. Burrows, M.D. (deceased), P. Cleary, Ph.D., P. Kimbel, M.D. 

(Chairperson; deceased), L. Nett, R.N., R.R.T. (former member), J.K. Ockene, Ph.D., R.M. 

Senior, M.D. (Chairperson), G.L. Snider, M.D., W. Spitzer, M.D. (former member), O.D. 

Williams, Ph.D.; Morbidity and Mortality Review Board: T.E. Cuddy, M.D., R.S. Fontana, 

M.D., R.E. Hyatt, M.D., C.T. Lambrew, M.D., B.A. Mason, M.D., D.M. Mintzer, M.D., 

R.B. Wray, M.D.; National Heart, Lung, and Blood Institute staff, Bethesda, MD: S.S. 

Hurd, Ph.D. (Former Director, Division of Lung Diseases), J.P. Kiley, Ph.D. (Former 

Project Officer and Director, Division of Lung Diseases), G. Weinmann, M.D. (Former 

Project Officer and Director, Airway Biology and Disease Program, DLD), M.C. Wu, 
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•   Phs000631.v1.p1: The datasets were obtained as part of the identification of SNPs 

Predisposing to Altered ALI Risk (iSPAAR) study funded by the NHLBI (RC2 

HL101779). 

•    Phs000518.v1.p1: The authors wish to acknowledge the support of the National Heart, 

Lung and Blood Institute (NHLBI) and the contributions of the research institutions, study 

investigators, field staff and study participants in creating this resource for biomedical 

research. This work was supported in part by grants R01 HL071798 from the NHLBI and 

U54 HL096458 from the NHLBI (previously supported by the NCRR), the components of 

NIH. This study is part of the NHLBI Grand Opportunity Exome Sequencing Project (GO-

ESP). Funding for GO-ESP was provided by NHLBI grants RC2 HL103010 (HeartGO), 

RC2 HL102923 (LungGO) and RC2 HL102924 (WHISP). The exome sequencing was 

performed through NHLBI grants RC2 HL102925 (BroadGO) and RC2 HL102926 

(SeattleGO). 

Analysis of Presentation versus Mutation Frequency Among Tumors. The PHBR scores 

of 5,942 patients in TCGA were calculated for 1000 passenger mutations (observed 1 or 2 times 

in the 5,942 patients; not occurring in 200 cancer-implicated genes). PHBR scores were calculated 

for 1,018 recurrent driver mutations (from 200 cancer-implicated genes) in the 7137 patients. The 

distribution of passenger PHBR scores was compared to 841 low frequency (<=5 times), 149 

medium frequency (>5, <=20 times) and 28 high frequency oncogenic mutations (>20 times). The 

distributions of PHBR scores in each category were compared with Mann-whitney U tests and 

visualized with violin plots (Figure 2.3C). Furthermore, we plotted cumulative distributions to 

demonstrate the practical presentation of each frequency grouping across several thresholds 

(Figure 2.3D).  
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Modeling the effect of PHBR-II on mutation probability. To assess the role of MHC-II in 

regards to mutation probability, we further restricted the recurrent oncogenic mutations to those 

occurring at least two times in the set of patients, resulting in 787 mutations and 5,942 patients. 

To first visualize the difference in PHBR-II distributions for mutations observed versus absent 

from tumors, PHBR-II scores from the 1,018 mutations x 5,942 patient matrix were grouped 

according to mutation status and plotted in side-by-side violin plots. Next, we built a 5,942 x 787 

binary mutation matrix yij ∋ {0, 1} indicating whether patient i has a specific mutation j. We 

evaluated the relationship between this binary matrix and the matched 5,942 x 787 matrix with 

PHBR-II scores xij of patient i and for mutation j. We fitted a generalized additive model for the 

PHBR-II score and mutation probability with the GAM function in the MGCV R package (Wood, 

2010). To estimate the effect of xij on yij we considered the following random effects model:  

Logit (P(yij= 1 | xij)) =ηi +γ log(xij)   

where ηi ~ N(0, θη) are random effects capturing different mutation propensities among patients. 

In these models, 𝛾 measures the effect of the log-PHBR-II. We fitted this model using the 

glmer function from the lme4 R package (Bates et al., 2015) and tested the null hypothesis that 𝛾 

= 0. To analyze the PHBR-mutation relationship in different tumor types, we fit separate models 

for each tumor type where there were at least 50 total number of driver mutations in the cohort. 

Furthermore, we used this same method to evaluate the difference in selection between mutations 

high allelic fraction and low allelic fraction (see ‘Clonality of mutations’ section). 

Modeling the interaction between MHC-I and MHC-II effects. To assess the interaction 

between MHC-I and MHC-II in regards to mutation probability, we reduced the set of patients to 

those successfully typed for both MHC-I and MHC-II (Marty et al., 2017). We further restricted 

the recurrent oncogenic mutations to those occurring at least twice in the set of patients, resulting 
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in 787 mutations and 5,942 patients. Then, we checked the correlation between MHC-I and MHC-

II presentation using a Spearman Rank Test between MHC-I and MHC-II scores for each patient 

across all 1,018 mutations. These correlations were displayed as a histogram (Figure S4B). After 

finding low correlation scores, we built a model of the interaction.  

We built a 5,942 x 787 binary mutation matrix yij ∋ {0, 1} indicating whether patient i has 

a specific mutation j. We evaluated the relationship between this binary matrix and two matched 

5,942 x 787 matrices with MHC-I PHBR scores wij of patient i and for mutation j and MHC-II 

PHBR scores xij of patient i and for mutation j. To visualize the relationship between wij and xij with 

yij, we fit an generalized additive model for the PHBR scores of both classes using the GAM 

function in the mgcv R package (Wood, 2010).  

Finally, to estimate the effect of xij and wij  on yij we considered the following random effects 

model:  

A within-patient model relating xij and wij to yij for a given patient 

Logit (P(yij= 1 | xij, wij)) =α + ηi +γ log(xij)+ ß log(wij)   

where αis the intercept term and ηi ~ N(0, θη) are random effects capturing different mutation 

propensities among patients. 

In these models, 𝛾 measures the effect of the log-PHBR-I and ß measures the effect of the 

log-PHBR-II on the probability of a mutation being observed. We fitted this model using the glmer 

function from the lme4 R package (Bates et al., 2015) and tested the null hypothesis that 𝛾 = 0 and 

ß = 0. To analyze the PHBR-mutation relationship in different tumor types, we fit separate models 

for each tumor type where there were at least 50 total number of driver mutations in the cohort.  

Given the distinct PHBR score ranges for MHC-I and MHC-II, we constructed an odds 

ratio analysis to compare the relative effects in the population. Instead of reporting the odds ratio 
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for a single unit increase, we reported the odds of observing a mutation in the 25th PHBR percentile 

relative to the 75th PHBR percentile.  

Fraction of patients with presentation. For each mutation in our set of 1,018 driver 

mutations, we calculated the fraction of patients that could present the mutation based on their 

MHC-I and MHC-II genotype respectively. We used the standard weak binding cutoffs of 2 for 

MHC-I and 10 for MHC-II. These results were visualized with a density plot (Figure 2.5D) and a 

scatter plot of the high frequency mutations (Figure S2.5D). Furthermore, we compared the 

distributions for fraction of MHC-I and MHC-II presentation across several thresholds (0.25, 0.5, 

1, and 2 for MHC-I and 1, 2, 5, and 10 for MHC-II) to ensure robustness (Figure S2.5E).  

Clonality of mutations. The occurences of mutations within the set of 1,018 driver 

mutations were designated as likely clonal or likely subclonal based on the allelic fraction 

annotation provided by TCGA. Mutations that were among the lowest 30th percentile were 

designated likely subclonal and all the remaining were considered likely clonal. We modeled the 

independent effect of PHBR-II and PHBR-I on mutation probability separately for subclonal and 

clonal occurrences as described above in the section ‘Modeling the effect of PHBR-II on mutation 

probability’. 

MHC-based selection with different immune infiltration phenotypes. Immune 

infiltration levels were quantified from expression using CIBERSORT (Newman et al., 2015) and 

patient-specific cytotoxicity scores were derived (Rooney et al., 2015). Tumors were divided into 

“high” and “low” groups for each of the following categories using the tumor-type specific 30th 

and 70th percentile: APC infiltration (B cells, dendritic cells and macrophages), cytolytic activity, 

CD8+ T cell infiltration and CD4+ T cell infiltration. We modeled the independent effect of 
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PHBR-II and PHBR-I on mutation probability in the high and low groups as described above in 

the section ‘Modeling the effect of PHBR-II on mutation probability’.  

MHC coverage. MHC-I and MHC-II coverage of driver mutations was determined by 

calculating the fraction of the 1,018 driver mutation PHBR scores for each patient that fell below 

the binding thresholds, 2 and 10 for MHC-I and MHC-II respectively. This analysis resulted in 

each patient being assigned two MHC coverage values (MHC-I and MHC-II). Furthermore, two 

more values were calculated for each patient using 1,000 passenger mutations. The number of 

homozygous genes was determined for each patient by adding the number of identical alleles for 

MHC-I (-A, -B, -C) and MHC-II (-DRB, -DPA, -DPB, -DQA, -DQB) separately. The MHC 

coverage values were calculated for these patients as well and compared to the TCGA MHC 

coverage values with a Mann Whitney U test.  

Age at diagnosis analysis. To visualize the association between MHC coverage and age 

at diagnosis, the patients with MHC coverage values in the lowest quartile and the patients with 

MHC coverage values in the highest quartile were compared. To determine statistical significance, 

a linear model in R was applied with age as the independent variable and MHC coverage, ancestry 

and tumor type as the dependent variables. Statistical significance was also determined for MHC-

I and MHC-II coverage of passenger mutations and MHC homozygosity count as a replacement 

for MHC coverage. To assess the practical effect size of the extreme cases of MHC coverage, we 

compared the ages at diagnosis of the 5% of patients with the lowest MHC-I coverage with the 

ages at diagnosis for the 5% of patients with the highest MHC-I coverage with a two sample T-

test. We also performed the same analysis for the patients with the highest and lowest 10% of 

MHC-I coverage. A pearson correlation test was used to determine the correlation between MHC 
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coverage of driver mutations and MHC coverage of passenger mutations for both MHC-I and 

MHC-II.  

Additional Statistical Considerations. For all individual tests, a p-value of less than 0.05 

was considered significant. When multiple comparisons were made, p-values were adjusted using 

the Benjamini-Hochberg method unless otherwise specified. For all box plots, whiskers indicate 

the 1.5 IQR range.  

Data and Software Availability. The python (2.7) and R code used to perform the 

analyses described in this manuscript and generate all main and supplemental figures is available 

at https://github.com/Rachelmarty20/MHC_II.  
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2.6 Figures 

 

  
 
Figure 2.1. Development of a residue-specific, patient-specific MHC-II presentation score.  
A graphical representation (A) of the Best Rank (BR) presentation score for a residue, (B) MHC-
II genetic diversity in the population, and (C) of the the Patient Harmonic-mean Best Rank Class 
II (PHBR-II) presentation score. (D) An experimental schematic of the MS-based validation of the 
PHBR-II score. HLA-DR MS data from 7 donors was used to validate the PHBR-II score. (E) 
ROC AUC curves showing the accuracy of the PHBR-II for classifying the extracellular 
presentation of a residue by a patient’s HLA-DR genes for 7 donors (colors) and for all donors 
combined (black). The aggregated PHBR-II presentation scores for the 7 donors expression HLA-
DR alleles was compared to a sent of random residues for the same HLA-DR alleles. See also 
Figure S2.1, Figure S2.2 and Data S2.1. 
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Figure 2.2. Pan-cancer overview of patient-mutation MHC-II presentation.  
A clustered heatmap of patients in TCGA with the 1,018 frequent cancer mutations. Only 1,050 
ancestry-distributed, patients are included for spatial reasons. The heatmap is colored by PHBR-II 
score. Column and row coloring highlight groupings of patients and mutations into different 
categories. Tumor suppressor is abbreviated as TS.  See also Figure S2.3 and Data S2.2. 
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Figure 2.3. Recurrent cancer mutations have low MHC-II presentation in the TCGA 
population.  
(A) A violin plot denoting the distribution of PHBR-II presentation scores across all patients in 
TCGA for 6 different classes of residue. Tumor Suppressor is abbreviated as TS. Mutations 
observed >10 times in TCGA are displayed. (B) Cumulative distribution functions (CDF) for the 
6 different classes of residue. (C) A violin plot with the distribution of somatic mutations occurring 
at different frequencies: passenger mutations in non-cancer implicated genes observed ≤2 in 
TCGA and mutations in cancer implicated genes observed 3-10 times, 11- 40 times and >40 times 
in TCGA. (D) CDFs for somatic mutations occurring at different frequencies. For both (A, C), the 
white dots represent the median, the thick dark grey lines denote the interquartile of the data and 
the thin dark grey lines denote the 1.5 IQR range. See also Figure S2.4 and Data S2.3. 
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Figure 2.4. Patient-specific MHC-II genotype influences mutation probability.  
(A) A violin plot denoting the difference in PHBR-II scores when the 5,942 patients are split by 
mutation occurrence, considering only mutations observed ≥2 times across tumors. (B) 
Nonparametric estimate of the logit-mutation probability as a function of PHBR-II scores 
considering mutations observed ≥2 times across tumors (C) The MHC-II ORs (grey circles) and 
95% CIs associated with a 1-unit increase in log-PHBR-II score for different cancer types. See 
also Data S2.3 and Data S2.4. 
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Figure 2.5. MHC-II and MHC-I presentation have different effects.  
(A) A kernel density plot with the density of PHBR-II and -I scores across cancer driving 
mutations. (B) A heatmap of mutation probability for all combinations of PHBR-II and -I scores. 
Dark red represents low probability and white represents high probability. (C) The MHC-I and 
MHC-II ORs (grey circles) and 95% CIs associated with a 1-unit increase in log-PHBR-II score. 
Results are shown for mutations with low allelic fraction (dark grey) and high allelic fraction (light 
grey). (D) A kernel density plot showing the density of mutations according to the fraction of 
patients who can present it with MHC-I and MHC-II. The red bars denote the four quadrants of 
the graph. See also Figure S2.5 and Data S2.5. 
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Figure 2.6. MHC presentation of driver mutations and cancer susceptibility.  
(A-B) Violin plots depicting the distributions of the percentage of the 1,018 driver mutations 
presented by (A) MHC-II and (B) MHC-I for patients with varying numbers of homozygous genes. 
(C) A schematic showing the effect of MHC coverage on age at diagnosis. (D) A box plot of the 
distributions of age at diagnosis for patients separated by tumor type and percentage of the driver 
space presented for MHC-I. See also Figure S2.6 and Figure S2.7. 
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2.7 Tables 

Table 2.1: The association between PHBR-II score and mutation occurrence.  
ORs, 95% CIs and p values are shown for logistic regression model relating PHBR-II scores to set 
of mutations observed ≥2 times in set of tumors. Models relating PHBR-II score to sets of 
passenger mutations, non-driver mutations and germline variants serve as controls. See also Data 
S2.3 and Data S2.4. 
 

 MHC-II PHBR 

 Odds ratio 95% CI P-value 

≥2 mutations 1.23 (1.19, 1.26) 9.9e-58 

Passenger mutations 1.00 (0.94, 1.06) 0.99 

Non-driver mutations 0.99 (0.96, 1.04) 0.96 

Germline variants 0.99 (0.99, 0.99) 5.8e-07 
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2.8 Supplemental Data, Tables and Figures 

 
Data S2.1: HLA typing of patients in TCGA.  
Table shows patients with attempted MHC-II typing, patients with successful MHC-II typing, 
patients with successful MHC-I typing and patients with validated MHC-II typing. 
  
Data S2.2: PHBR-II scores for driver mutations.  
The matrix of PHBR-II scores for all 1,018 driver mutations and 5,942 patients (represented 
visually in Figure 2.2). 
  
Data S2.3: Set of known non-cancer genes.  
This set includes TTN and olfactory genes as represented in (Lawrence et al., 2013). 
  
Data S2.4: Tumor-type specific association.  
Table shows tumor-type specific ORs, 95% CIs and p values for logistic regression model with 
random effects relating PHBR-II scores to mutation occurrence. 
  
Data S2.5: Fraction of patient presentation.  
Table shows the fraction of patients with MHC-I presentation and the fraction of patients with 
MHC-II presentation for all 1,018 mutations. 
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Table S2.1: Fraction of residues with MHC-II presentation in different peptide classes. 
 Confidence intervals are obtained by bootstrapping the residues in each class. 
 

 Differences in peptide class presentation by MHC-II 

 Fraction 95% CI 

Oncogenes 0.120 (0.119, 0.121) 

Tumor Suppressor genes 0.0649 (0.0641, 0.0657) 

Random 0.236 (0.236, 0.236) 

Germline 0.222 (0.222, 0.222) 

Viral 0.272 (0.272, 0.273) 

Bacterial 0.286 (0.286, 0.287) 
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Figure S2.1: Development of a residue-specific, patient-specific MHC-II presentation score. 
ROC AUC curves showing the accuracy of the PHBR-II including peptides of length 13-25 for 
classifying the extracellular presentation of a residue by a patient’s HLA-DR genes for 7 donors 
(colors) and for all donors combined (black). The aggregated PHBR-II presentation scores for the 
7 donors expression HLA-DR alleles was compared to a set of random residues for the same HLA-
DR alleles. 
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Figure S2.2: HLA-II typing of patients in TCGA.  
(A) The agreement of hla types for patients typed with HLA-HD and xHLA. (B-F) Frequencies of 
MHC-II alleles occuring in TCGA - (B) HLA-DPA, (C) HLA-DPB, (D) HLA-DQA, (E) HLA-
DQB and (F) HLA-DRB. 
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Figure S2.3: Native germline presentation.  
(A) A clustered heatmap of patients in TCGA with the native germline sequence 1,018 frequent 
cancer mutations. The same 1,050 patients are represented as in Figure 2. The heatmap is colored 
by PHBR-II score. Column and row coloring highlight groupings of patients and mutations into 
different categories. (B) A scatter plot showing the median population PHBR-II score for each of 
the 1,018 mutations and their native germline sequence. 
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Figure S2.4: Population presentation with MHC-II.  
(A) Cumulative distribution functions denoting the fraction of true positive and false positive 
residues detected for each PHBR-II score in the mass spectrometry validation. (B) A violin plot 
denoting the distribution of PHBR-II presentation scores across all TCGA patients for 6 different 
classes of residue. Cancer mutations observed > 2 times in TCGA are displayed. White dots 
represent the median. (C) The cumulative distribution of 20 sets of random 1,000 mutations. 
Shown alongside the cumulative distribution from oncogenes and tumor suppressor genes. (D) A 
violin plot denoting the distribution of PHBR-II presentation scores across non-cancer dbGaP 
patients for 6 different classes of residue. White dots represent the median. (E) Two dot plots 
showing the median PHBR-II and -I presentation scores for all 5,942 patients of the 1,018 recurrent 
cancer mutations grouped by their mutation count in TCGA and displayed as a median. The 
number of times the mutation group is observed in TCGA is plotted below the plots. The light grey 
line highlights the mutations observed 10 times. 
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Figure S2.5: Patient-specific MHC presentation prediction of mutation probability. 
(A) The distribution of PHBR-II and PHBR-I scores. (B) The distribution of spearman rho 
correlations for PHBR-II and PHBR-I scores across all driver mutations for every patient in 
TCGA. (C) A scatter plot showing the relationship between tissue specific ORs for MHC-II and 
MHC-I with a joint model for tumor types with at least 100 patients.  (D) A scatter plot showing 
mutations observed at least 20 times in TCGA. Each point is placed according to the fraction of 
patients who can present it with MHC-I and MHC-II. (E) Histograms showing the variation in the 
number of mutations with different fractions of presentation by both MHC-I and MHC-II across 
several presentation thresholds. 
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Figure S2.6: MHC-based mutation selection for differing levels of immune activity.  
The MHC-I and MHC-II ORs (circles) and 95% CIs associated with a 1-unit increase in log-
PHBR-II score. The results are shown for patients with low and high (A) APC infiltration, (B) 
cytolytic activity, (C) CD8+ T cell infiltration and (D) CD4+ T cell infiltration.  
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Figure S2.7: MHC presentation of driver mutations and age at diagnosis.  
(A) A box plot denoting the distributions of age at diagnosis for patients separated by tumor type 
and percentage of the driver space presented for MHC-II. The number of patients in each category 
is visualized above with a bar plot.  (B) Box plots showing the age at diagnosis for patients with 
extreme 5% of patients for MHC-I and MHC-II coverage. (C) A histogram representing the 
spearman rho correlations for each tumor type between MHC-I coverage and mutation burden. 
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CHAPTER 3: Strength of immune selection on tumors varies with sex and age 

 

 
3.1 Abstract 

Individual MHC genotype constrains the mutational landscape during tumorigenesis, 

implying that the immune system can recognize and selectively eliminate tumor cells. Immune 

checkpoint inhibitor (ICPI) therapies reactivate immunity against tumors that previously escaped 

immune surveillance; however, it remains unclear why many patients fail to respond to these 

therapies. Recently, several studies demonstrated that female sex and young age confer poorer 

response rates in melanoma. While immune responses to foreign antigens differ with age and sex, 

MHC-based immunoediting in melanoma has never been studied in an age- or sex-specific context. 

Despite observing no sex-based differences in MHC genotypes, we found that tumors in females 

accumulated driver mutations that are more poorly presented via MHC. Moreover, younger 

patients showed stronger effects of MHC-based mutation selection than older patients, with nearly 

twice as much MHC-II based selection. These effects compound in young females. This study 

presents the first evidence that strength of immunoediting during tumor development can influence 

an individuals’ potential to respond to ICPI.  
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3.2 Introduction 

The Major Histocompatibility Complex (MHC) exposes protein content on the cell surface 

to allow detection of antigens by the immune system. This applies to non-self antigens such viral 

proteins, and self-proteins that include tumor antigens.  Tumor cells harbor oncogenic alterations 

that can be presented to the immune system by the MHC, causing immune recognition and 

elimination (immune surveillance). However, in order to grow, invade and spread, tumors must 

evade immune surveillance. Common mechanisms of immune evasion include loss of the MHC 

molecules and the upregulation of immune checkpoint molecules on the cell surface that normally 

regulate the amplitude and duration of a T cell response. Antibodies that block immune checkpoint 

molecules, known as immune checkpoint inhibitors, can reactivate inactive and/or exhaust T cells, 

producing anti-tumor effects that have been shown to confer long term survival benefits in patients 

with certain types of cancer (Ribas and Wolchok 2018). However, immune checkpoint inhibitors 

are effective in only a relatively small fraction of patients (10-40%) for reasons that remain by and 

large unclear. Interestingly, meta-analyses of clinical trials in melanoma patients treated with 

immune checkpoint inhibitors suggest that young patients and female patients are characterized by 

low response rates (Nosrati et al. 2017; Wu et al. 2018; Botticelli et al. 2017; Kugel et al. 2018). 

The reason(s) for the poor response of these two populations remains elusive. 

An accumulating body of literature points to males and females having different immune 

responses (Klein and Flanagan 2016). Moderated by genetic and hormonal factors, females have 

twice the antibody response to influenza vaccines (Engler 2008) and higher CD4+ T cell counts 

than males (Abdullah et al. 2012). Moreover, females contract over 80% of autoimmune diseases 

(Jacobson et al. 1997), demonstrating a stark imbalance in the way the immune response causes 

diseases in the two sexes. Interestingly, a stronger immune response in females has been observed 
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across several species (Hill-Burns and Clark 2009; Mondal and Rai 1999; Pap et al. 2010), 

suggesting that these differences are sex-specific and not lifestyle or gender dependent. 

Several studies have also demonstrated changes in immune response over the course of 

human development and aging. As humans age, their immune system enters a state of senescence 

with decrease of general immune function including the production of IL-2, a pivotal growth factor 

for T cells, making the elderly more vulnerable to disease (Simon, Hollander, and McMichael 

2015). For instance, about 90% of excess deaths during flu season occur in patients greater than 

65 years of age (Jiang et al. 2013). This large fraction can, in part, be attributed to reduced thymic 

output, lower numbers of naive T cells and the reshaping of the size and specificities of the 

available T cell repertoire to reflect the immunological history of the individual.  For instance, the 

number of CD4+ T cells shrinks relative to the number of CD8+ T cells (Castilho et al. 2016), and 

this seems to contribute to an increase in the incidence of autoimmune disease (Goronzy and 

Weyand 2003). Furthermore, elderly people have reduced phagocytic function and HLA II 

expression on antigen presenting cells (Agrawal, Agrawal, and Gupta 2007).  Collectively, these 

factors render elderly individuals less able to mount a T cell response to new antigens and respond 

to vaccination.  Notwithstanding the above-mentioned sex-specific and age-dependent differences 

in immune function, the underlying mechanism behind the discrepancy in response rates to 

immune checkpoint inhibitors remains unclear.  

Recently, we developed a strategy to assess the role of the MHC genotype in shaping the 

accumulation of mutations during tumorigenesis (Marty et al. 2017, Marty et al. 2018) . We found 

that during the course of cancer evolution patients accumulate mutations that cannot be efficiently 

presented by their MHC molecules, likely the consequence of pressure exerted by the immune 

system on cancer cells through the elimination of tumor cell clones with well-presented driver 
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mutations, a selection process referred to as immunoediting (Dunn et al. 2002). An analysis of 

MHC-dependent immunoediting early in tumorigenesis, revealed that thyroid carcinoma and low 

grade glioma patients experience the highest MHC-I and MHC-II based selective pressure on 

driver mutations (Marty et al. 2017, Marty et al. 2018).  Interestingly, these two tumor types also 

had the youngest average age at diagnosis as compared to all other tumor types studied. In light of 

these observations, we reasoned that young patients and female patients may experience stronger 

immunoediting early in the history of their tumor, leaving as prevailing mutations at the time of 

diagnosis those less favorably presented by their MHC, i.e., more invisible to the immune 

system.  Predictably, this would cause immune checkpoint inhibitor therapies to be ineffective. To 

test this hypothesis, we explored sex- and age-specific differences in MHC variation and 

presentation of driver mutations see if immunoediting effects these clinical subsets differently. 
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3.3 Results 

We genotyped 10,505 cancer patients from The Cancer Genome Atlas (TCGA) at the 

Human Leukocyte Antigen (HLA) region to establish MHC-I and MHC-II types. To ensure high 

quality HLA calling, we used two tools for both MHC-I and MHC-II (Shukla et al. 2015; Xie et 

al. 2017; Kawaguchi et al. 2017) and only retained the patients that had identically matched typing 

between the two tools across all alleles. Ultimately, we retained 4,972 pan-cancer patients of which 

271 were melanoma patients. Both pan-cancer and melanoma patient cohorts were diverse in sex 

and age, with slightly more males than females in both cohorts (Figure S3.1A-B) and a broad 

distribution of ages for when each patient was diagnosed (Figure S3.1C-D). For all subsequent 

analyses, we split the totality of patients into subgroups according to sex (male versus female) and 

age (younger and older based on median age at diagnosis). To assess sex- and age-specific 

differences in MHC variation, we compared the frequency of specific MHC alleles across groups 

in each cohort. In both pan-cancer and melanoma cohorts, we found no significant differences in 

the frequencies of specific MHC alleles when dividing the cohorts on sex (melanoma: MHC-I 

pearson r = 0.94, MHC-II pearson r = 0.99; pan-cancer: MHC-I pearson r = 0.99, MHC-II pearson 

r = 0.99) or age (melanoma: MHC-I pearson r = 0.97, MHC-II pearson r = 0.99; pan-cancer: MHC-

I pearson r = 0.99, MHC-II pearson r = 0.99). Thus, we conclude that the difference in immune 

checkpoint inhibitor response rate could not be due to differences in MHC variation. 

Since we found MHC variation in each cohort to be similar between patients in different 

sex- and age-groups, we expected the breadth of antigen presentation to T cells to be similar as 

well. Specifically, we explored the ability of individuals in both cohorts, grouped by sex or age, to 

present common driver mutations via their MHC. Previously, we established a set of frequent 

mutations in cancer genes that are likely to drive tumorigenesis and developed two scores that 
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predict the ability of an individual to present a particular mutation to T cells by either MHC-I or 

MHC-II (Marty et al. 2017, Marty et al. 2018). These scores (PHBR-I and PHBR-II) aggregate 

MHC binding affinities from established tools (Nielsen and Andreatta 2016; Karosiene et al. 2013) 

to produce a residue-centric, patient-centric presentation score that was validated by mass 

spectrometry. We used this scoring system to predict the ability of each patient with melanoma to 

present all 1018 driver mutations, then compared specificity of MHC presentation between groups 

in two ways. First, we compared the distribution of PHBR-I and -II scores across the set of driver 

mutations between the sex- and age-specific groups and found no significant difference (Figure 

S3.2A-D). Second, we compared the fraction of driver mutations that each patient could effectively 

present to the immune system via MHC-I and MHC-II and again found a similar distribution 

between males and females (Figure S3.2E-F). Previously, we reported that the fraction of drivers 

effectively presented by MHC-I is indeed correlated with age at diagnosis pan-cancer (Marty et al. 

2018); however, this trend was not significant in melanoma alone (P = 0.12, Figure S3.2G-H). 

The overall similarity of MHC presentation suggests that in melanoma, patients of both sexes and 

diagnosed with cancer at various ages are able to present driver mutations to the immune system 

with roughly equivalent efficacy, suggesting that specificity of MHC presentation cannot be the 

mechanism causing differences in ICPI response rate.  

Since MHC presentation is similar in sex- and age-specific groups, we reasoned that the 

discrepancy might be due to differences in the strength of immunoediting, e.g., tumors with 

stronger immunoediting should retain fewer driver mutations that are presentable to T cells by a 

patient’s own MHC. For sex- and age-specific groups in each cohort, we focused on the PHBR-I 

and PHBR-II scores for the mutations that were actually observed in each tumor and compared the 

distributions between cohorts. In melanoma, females were at a significant disadvantage in 
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presenting their driver mutations by both MHC-I and MHC-II molecules (Figure 3.1A-B, P=0.025 

and P=0.015, respectively). Although the trends remained the same in the pan-cancer cohorts, the 

differences did not reach statistical significance (Figure 3.1E-F, P=0.12 and P=0.22, respectively). 

In the melanoma age-specific cohorts, the young patients tended to be worse at presenting their 

driver mutations by both MHC-I and MHC-II molecules, albeit the difference was not statistically 

significant (Figure 3.1C-D, P=0.090 and P=0.099, respectively). Interestingly, when the pan-

cancer cohorts were considered, the difference in ability to present tumor-specific driver mutations 

between young and old was striking (Figure 3.1G-H, P=0.00024 and P=1.65e-5, respectively). 

These differences in MHC presentation of driver mutations suggest that tumors in female patients 

and younger patients undergo greater immunoediting than those in male patients and older patients.  

Next, we explored ability of the immune system of specific patients to eliminate mutations 

that are effectively presented by their MHC. We employed a logistic regression with random 

effects to account for the mutation frequency per individual and utilized odds ratios to assess the 

effects of immune selection. To further test our hypothesis, we compared these odds ratios for sex- 

and age-specific groups. Despite the fact that females accumulate mutations that are less presented 

by their own MHC, we found no significant difference in the odds ratios that represent mutation 

selection between males and females in the melanoma cohort (Figure 3.2B; Table 3.1; MHC-I: 

Females - 1.66 , Males - 1.69, P=0.87; MHC-II: Females - 1.90, Males - 1.64, P=0.41). This 

discrepancy could be due to the higher burden of driver mutations in females as compared to males 

(Figure S3.3A). As expected, there was no difference in selection in the pan-cancer cohort as a 

whole (Figure 3.2A, Table 3.1; MHC-I: Females - 1.14, Males - 1.19, P=0.28; MHC-II: Females 

- 1.21, Males - 1.21, P=0.96). When patients were divided on age, the younger patients experienced 

significantly more MHC-II, but not MHC-I, mutation selection as compared to the older patients 
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(Figure 3.2D; Table 3.2; MHC-I: Younger - 1.94, Older - 1.46, P=0.052; MHC-II: Younger - 

2.20, Older - 1.37, P=0.0066). Unlike the sex-specific grouping in melanoma, the age-based patient 

groups had roughly even numbers of driver mutations in each cohort (Figure S3B). In the pan-

cancer cohort, both MHC-I and MHC-II based selection were significantly higher in the younger 

patient groups (Figure 3.2C; Table 3.2; MHC-I: Younger - 1.29, Older - 1.07, P=4.16e-6; MHC-

II: Younger - 1.30, Older - 1.14, P=0.0015). Collectively, these results suggest stronger 

immunoediting in females and younger patients.  

Since females and younger patients in melanoma both demonstrated signs of stronger 

immunoediting as compared to males and the older patients, we further segregated the cohorts 

simultaneously by age and sex, resulting in four patient groups -- young females, young males, old 

females and old males. Using a logistic regression to measure the effect of PHBR scores on 

mutation probability, we found that the age and the sex effects are cumulative, with tumors in 

young females under higher selective pressure by MHC than those in the other three group (Figure 

3.3A; Table 3.3, MHC-I: OR=2.03, MHC-II: OR=2.87). This difference is particularly evident for 

MHC-II selection where young females show significantly more selection than either older 

females or older males, but only moderately more selection than younger males (P=0.026, 

P=0.016, P=0.19, respectively). Furthermore, young females are also the worst at presenting their 

observed driver mutations with both MHC-I and MHC-II as compared with the other three groups 

(Figure 3.3B-C). Together, these results demonstrate that young female patients harbor driver 

mutations that are less visible to the immune system via the MHC.  

 Finally, we reasoned that these sex- and age-specific effects could be driven by differences 

in environmental exposures instead of the strength of immunoediting. To investigate this 

possibility, we looked for cohort-specific mutational signatures, a well-established method to 
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discern the exposures and mutational processes that likely lead to specific mutations (Alexandrov 

et al. 2013). Two specific mutational signatures are directly correlated with aging, signature 01 

and signature 05 (Alexandrov et al. 2013). Both of these signatures are prevalent in our set of 1,018 

driver mutations (19.6% of mutations belong to signature 01 and 46.8% of mutations belong to 

signature 05). However, in melanoma specifically, signature 05 had no correlation with age, 

suggesting that it also has no influence on mutational differences between young and old patients. 

On the other hand, signature 01 had a significant correlation with age; however, the slope of the 

correlation is modest (3.25) as compared to most other tumor types, suggesting that it may not play 

a role in differentiating the mutational landscapes (Alexandrov et al. 2015). To investigate possible 

sex-specific differences in exposure, we probed the sex-specific mutation profiles across different 

tumor types in TCGA and found a couple of significant differences in the total mutation counts 

between the two sexes (Figure 3.4A). Since we observed strong sex-specific selection in 

melanoma, we specifically investigated the higher ratio of total mutations in males as compared to 

females in the melanoma cohort. We found that nearly all simple mutation types were higher in 

males but only one type showed a significant difference (C>T; Figure 3.4B). Furthermore, we 

found an enrichment for the mutational signature 07a/07b in melanoma in males (Figure 3.4C). 

This signature reflects high UV radiation and is hallmarked by C>T mutations. We next evaluated 

whether the observed differences in immune selection between males and females in melanoma 

could be explained by differences in UV exposure. However, none of the 1,018 driver mutations 

used in our analysis were attributable to the UV signature (Figure 3.4D). Thus, differences in UV 

exposure do not explain the association between strength of immunoediting and sex in melanoma. 

This analysis also raises an interesting consideration for inferring differences in exposure from 

mutational signatures, as it is unclear whether the difference in mutational signature is truly a 
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byproduct of different exposures or could result from differences in the functionality of the 

immune system by the sexes.  
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3.5 Discussion 

Here, we present evidence that both sex and age impact the driver mutations that arise 

during early tumorigenesis such that young patients and female patients are less able to present 

their driver mutations for immune surveillance by their MHC (Figure 3.5). Arguably, these results 

may reflect stronger immunoediting early in tumorigenesis in these groups, consistent with meta-

analyses showing sex- and age-specific differences in the response to immune checkpoint 

inhibitors (Nosrati et al. 2017; Wu et al. 2018; Botticelli et al. 2017; Kugel et al. 2018). We also 

demonstrated strongest effects in MHC-II based selection, in agreement with the fact that females 

have higher CD4+ T cell counts than males (Abdullah et al. 2012). On the other hand, since older 

patients have a reduced CD4+/CD8+ ratio and lower MHC-II expression (Agrawal, Agrawal, and 

Gupta 2007), the effects of immunoediting would be mitigated by an overall diminished 

presentation of neoantigens borne out of driver mutations combined with a weaker activation of 

CD4+ T cells.  Taken together, all evidence suggests that young females are prone to stronger 

immunoediting than older males. 

Notwithstanding some limitations, our analysis provides a compelling case for the 

conclusion that immunoediting is more effective in young females. For instance, the two analyses 

to test our hypothesis showed slightly different results. One analytical approach demonstrates 

larger sex-specific immunoediting differences while the other shows larger age-specific 

immunoediting differences. This discrepancy suggests that the low response rates to immune 

checkpoint inhibitors may be caused by different mechanisms. Of note, the young female cohort 

performed poorly in both analyses, suggesting the effects are quite strong and complementary. On 

the other hand, we are unable to control for other sex- and age-related factors beyond predicted 

MHC presentation of driver mutation-derived peptides. These possibilities may include (a) 
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differences in the antigen processing/presentation machinery preceding surface exposure of 

MHC/peptide complexes, and (b) genetic factors causing preferential mutation accumulation in 

the cohorts for reasons apart from immunoediting that happen to be associated with MHC 

presentation.  

In conclusion, our present study indicates that the response rate to immune checkpoint 

inhibitors may be inversely related to the strength of immunoediting that a patient experienced 

early in tumorigenesis. Methods to accurately predict the impact of immune editing on a patient 

basis may lead to better patient response prediction algorithms. As a corollary of these conclusions, 

it would appear that young female patients may benefit more from de novo antigen immunization 

(therapeutic vaccination) than treatment with immune checkpoint inhibitors to awake T cells 

against tumor antigens that have already grown to be immunologically invisible.   Despite clear 

evidence of differences in the immune response based on sex and age, these clinical covariates are 

often disregarded in the cancer field (Özdemir, Coukos, and Wagner 2017). We suggest that in 

order to serve all patients with equal care, research and clinicians must take the biological 

ramifications of sex and age under careful consideration.  
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3.6 Materials and Methods 

Data acquisition. Data were obtained from publicly available sources including The 

Cancer Genome Atlas (TCGA) Research Network (http://cancergenome.nih.gov/). TCGA normal 

exome sequences and TCGA clinical data were also downloaded from the GDC on June 23-26th, 

2018 and April 25th, 2017 respectively. Furthermore, TCGA somatic mutations were accessed from 

the NCI Genomic Data Commons (https://portal.gdc.cancer.gov/) on May 14th, 2017.  

HLA typing. HLA genotyping was performed for class I genes HLA-A, HLA-B, HLA-C 

and class II genes HLA-DRB1, HLA-DPA1, HLA-DPB1, HLA-DQA1 and HLA-DQB1, which 

encode three protein determinants of MHC-I peptide binding specificity, HLA-DR, HLA-DP, and 

HLA-DQ. TCGA samples were typed with Polysolver (Shukla et al. 2015), with default 

parameters, for class I and typed with HLA-HD (Kawaguchi et al. 2017), using default parameters, 

for class II. Both tools require germline (whole blood or tissue matched) whole exome sequenced 

samples. Samples with very low of coverage on specific genes are left untyped by HLA-HD. 

Patients were assigned an HLA-DR type if they were successfully typed for HLA-DRB1. Patients 

were assigned HLA-DP and -DQ types if they had successful typing for HLA-DPA1/HLA-DPB1 

and HLA-DQA1/HLA-DQB1, respectively. Class I and class II types were validated by xHLA (Xie 

et al. 2017), run with default parameters, and only patients where all alleles agreed in both classes 

were included in the analysis.  

 
Presentation score assignment. We used patient presentation scores, as defined in (Marty 

et al. 2017; Marty et al. 2018), to represent a particular patient’s ability to present a residue given 

their distinct set of HLA types. For class I, 6 HLA alleles were considered (HLA-A, HLA-B and 

HLA-C). For class II, 12 HLA-encoded MHC-II molecules (4 combinations of HLA-DPA1/DPB1 

and HLA-DQA1/DQB1; 2 alleles of HLA-DRB1 considered twice each -- since HLA-DRA1 is 
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invariant -- for consistency between resulting molecules). The Patient Harmonic-mean Best Rank 

(PHBR) score was assigned as the harmonic mean of the best residue presentation scores for each 

group of MHC-I and MHC-II molecules A lower patient presentation score indicates that the 

patient’s MHC molecules are more likely to present a residue on the cell surface.  

Set of driver mutations: Somatic mutations were considered to be recurrent and 

oncogenic if they occurred in one of the 100 most highly ranked oncogenes or tumor suppressors 

described by Davoli et al. (Davoli et al. 2013) and were observed in at least 3 TCGA samples. 

Among these, we retained only mutations that would result in predictable protein sequence 

changes that could generate neoantigens, including missense mutations and inframe indels. A total 

1,018 mutations (512 missense mutations from oncogenes, 488 missense mutations from tumor 

suppressors, 11 indels from oncogenes and 7 indels from tumor suppressors) were obtained (Marty 

et al. 2017). 

Modeling the effect of PHBR-II on mutation probability. We built to matrices, for 

PHBR-I scores and PHBR-II scores, from the 1,018 mutations and 4,972 patients. Next, we built 

a 4,972 x 1,018 binary mutation matrix yij ∋ {0, 1} indicating whether patient i has a specific 

mutation j. We evaluated the relationship between this binary matrix and the matched 4,972 x 

1,018 matrices with PHBR-I and PHBR-II scores xij of patient i and for mutation j. We fitted a 

generalized additive model for the PHBR-I/PHBR-II score and mutation probability with the GAM 

function in the MGCV R package (Wood 2010). To estimate the effect of xij on yij we considered 

the following random effects model:  

Logit (P(yij= 1 | xij)) =i +γ log(xij)   
 

where ηi ~ N(0, θη) are random effects capturing different mutation propensities among patients. 

In this models, 𝛾 measures the effect of the log-PHBR-I/PHBR-II. We fitted this model using the 
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glmer function from the lme4 R package (Bates et al. 2015). This analysis was repeated with only 

the melanoma samples.  

Mutational signatures. The mutational signature analysis is performed as described in 

(Alexandrov et al., 2013).  
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3.7 Figures 

 

 
 

Figure 3.1. Sex- and age-specific MHC presentation of observed mutations.  
(A-B) Box plots denoting the distribution of (A) PHBR-I and (B) PHBR-II scores for the observed 
driver mutations in female and male melanoma patients. (C-D) Box plots denoting the distribution 
of (C) PHBR-I and (D) PHBR-II scores for the observed driver mutations in younger and older 
melanoma patients. (E-F) Box plots denoting the distribution of (E) PHBR-I and (F) PHBR-II 
scores for the observed driver mutations in female and male pan-cancer patients. (G-H) Box plots 
denoting the distribution of (G) PHBR-I and (H) PHBR-II scores for the observed driver mutations 
in younger and older pan-cancer patients. 
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Figure 3.2. Sex- and age-specific MHC-based mutation selection.  
(A) Pan-cancer odds ratios and 95% confidence intervals by MHC-I and MHC-II mutation 
selection in male and female patients.  (B) Melanoma-specific odds ratios and 95% confidence 
intervals by MHC-I and MHC-II mutation selection in male and female patients. (C) Pan-cancer 
odds ratios and 95% confidence intervals by MHC-I and MHC-II mutation selection in younger 
and older patients. (D) Melanoma-specific odds ratios and 95% confidence intervals by MHC-I 
and MHC-II mutation selection in younger and older patients. 
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Figure 3.3. Integrated sex- and age-specific analysis.  
(A) Melanoma-specific odds ratios and 95% confidence intervals by MHC-I and MHC-II mutation 
selection in integrated sex- and age-specific patient cohorts. (B) PHBR-I and (C) PHBR-II scores 
for the observed driver mutations in melanoma-specific integrated sex- and age-specific patient 
cohorts.  
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Figure 3.4. Sex-specific exposure analysis with mutational signatures.  
(A) The log2 male to female ratios of the number of total mutations for each tumor type. Melanoma 
is highlighted in black. (B) The log2 male to female ratios of simple mutation types in melanoma. 
(C) The log2 male to female ratios of mutational signatures in melanoma. (D) The percentage of 
mutations in the 1,018 driver mutation set that are part of each mutational signature. 
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Figure 3.5. Model of the relationship between immunoediting and immunotherapy.  
Young females experience the strongest immune response, rendering their diagnosed tumors more 
invisible to the immune system and difficult to treat with ICI immunotherapy. Other categories of 
patients experience a weaker immune response, leaving their diagnosed tumors more visible to the 
immune system and open to attack when stimulated with ICI immunotherapy. 
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3.8 Tables 

Table S3.1. Quantitative estimate of the association between PHBR score and mutation 
occurrence in sex-specific cohorts. 
ORs, 95% CIs and p values are shown for logistic regression model with random effects relating 
PHBR scores to set of driver mutations observed ≥5 times in TCGA.  
 
 

     

 MHC Class Sex OR 95% CI  P-value 

Melanoma I Female 1.66 (1.37, 1.99)  0.87 

Male 1.69 (1.49, 1.93)  

II Female 1.90 (1.51, 2.40)  0.41 

Male 1.64 (1.41, 1.91)  

Pan-cancer I Female 1.14 (1.09, 1.19)  0.28 

Male 1.19 (1.14, 1.24)  

II Female 1.21 (1.16, 1.27)  0.96 

Male 1.21 (1.16, 1.27)  
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Table 3.2. Quantitative estimate of the association between PHBR score and mutation 
occurrence in age-specific cohorts.  
ORs, 95% CIs and p values are shown for logistic regression model with random effects relating 
PHBR scores to set of driver mutations observed ≥5 times in TCGA.  
 

 MHC Class Age OR 95% CI P-value 

Melanoma I Younger 1.94 (1.66, 2.26) 0.052 

Older 1.46 (1.26, 1.69)  

II Younger 2.20 (1.82, 2.67) 0.0066 

Older 1.37 (1.17, 1.62)  

Pan-cancer I Younger 1.29 (1.24, 1.35) 4.16e-6 

Older 1.07 (1.02, 1.10)  

II Younger 1.30 (1.24, 1.37) 0.0015 

Older 1.14 (1.09, 1.18)  
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Table 3.3. Quantitative estimate of the association between PHBR score and mutation 
occurrence in integrated sex- and age-specific cohorts.  
ORs and 95% CIs values are shown for logistic regression model with random effects relating 
PHBR scores to set of driver mutations observed ≥5 times in TCGA.  
 

 MHC Class Sex Age OR 95% CI  

Melanoma I Female Younger 2.03 (1.53, 2.70)  

 Older 1.39 (1.09, 1.78)  

 Male Younger 1.89 (1.55, 2.29)  

 Older 1.54 (1.29, 1.85)  

 II Female Younger 2.87 (1.95, 4.22)  

 Older 1.43 (1.08, 1.89)  

 Male Younger 1.98 (1.57, 2.50)  

 Older 1.41 (1.16, 1.71)  
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3.9 Supplemental Figures 

 
 

Figure S1. Overview of pan-cancer and melanoma cohorts.  
(A) A bar plot denoting the number of male and female patients in the pan-cancer cohort. (B) A 
histogram denoting the distribution of ages when patients were diagnosed with cancer in the pan-
cancer cohort. (C) A bar plot denoting the number of male and female patients in the melanoma 
cohort.  (D) A histogram denoting the distribution of ages when patients were diagnosed with 
cancer in the melanoma cohort. 
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Figure S2. Sex- and age-specific MHC presentation of common driver mutations.  
(A-D) Violin plots denoting the distribution of (A, C) PHBR-I and (B, D) PHBR-II scores across 
all common cancer driving mutations. (E-H) The distribution of the fraction of all common cancer 
driving mutations that each patient can present with (E, G) MHC-I and (F, H) MHC-II.  
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Figure S3. Sex- and age-specific MHC presentation of observed mutations in a pan-cancer 
cohort.   
(A-B) Box plots denoting the distribution of (A) PHBR-I and (B) PHBR-II scores for the observed 
driver mutations in female and male patients. (C-D) Box plots denoting the distribution of (C) 
PHBR-I and (D) PHBR-II scores for the observed driver mutations in younger and older patients. 
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EPILOGUE 

Limitations and Future Directions 

This dissertation quantifies of the effect of MHC variation on presentation of neoantigens 

and systematically assesses the impact of this presentation on tumor formation and immunotherapy 

outcome. While this effort represents a significant step forward for the field, the approach also has 

significant limitations and requires further study.  

 Though I have uncovered very compelling results, the scoring system used to quantify 

MHC presentation has substantial room for improvement. In chapter one and chapter two, I 

transformed mono-allelic, single-peptide binding algorithms into patient-centric (multi-allelic), 

residue-centric (multi-peptide) presentation scores. In the scoring formulation, there are three 

specific areas of improvement. First, the underlying MHC binding algorithms can be improved. 

Predicting the binding affinity between a MHC and a peptide has been a topic of ongoing research 

(Trolle et al., 2015). MHC-I binding algorithms have stronger performance than MHC-II due to 

the higher sensitivity for MHC-I as compared to MHC-II. Another cause of the better performance 

is that MHC-I has higher quality data for model training. Specifically, a recent influx of MHC-I-

bound peptide mass spectrometry (MS) data has improved the MHC-I prediction methods 

significantly (Abelin et al., 2017; Creech et al., 2018; Jurtz et al., 2017). However, MS methods 

are also exposing a low positive predictive value for MHC-I methods, suggesting that other factors 

may also be at play (Bassani-Sternberg et al., 2015). Thus, both MHC-I and MHC-II prediction 

algorithms have potential for improvement. Second, the process of aggregating the peptide binding 

algorithm output into patient-centric and residue-centric peptide scores can be optimized. The 

optimization of my scoring system, requires a gold standard dataset. While chapter one employed 

a fantastic mono-allelic dataset for MHC-I score optimization (Abelin et al., 2017), similar mono-
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allelic datasets do not yet exist for MHC-II and would be of great value to the field. Third, the 

presentation scores currently only account for missense mutations and short indels. Gene fusions, 

gene amplifications and frameshift mutations are known to drive cancer and have potential to 

recognized by the immune system. Thus, expanding the presentation scoring framework to include 

all amino acid altering mutations is vital to achieving a more comprehensive picture of immune 

presentation. Systematically optimizing the binding prediction and aggregation methods, in 

addition to expanding the mutations scored, could substantially improve my MHC presentation 

framework.  

 Using patient-specific MHC presentation to predict tumor occurrence would have great 

value for early detection of disease. However, some factors limit the ability of  the current MHC 

presentation score to predict mutation occurrence, tumor susceptibility or tumor phenotypes. First, 

patient mutation profiles are very heterogeneous (Lawrence et al., 2013), forcing the study of 

mutations in aggregate. To overcome this limitation, a high number of patients is needed to acquire 

the power to interrogate a cohort with any specific mutation. As the size of cancer cohorts with 

exome sequencing increases (Cancer Genome Atlas Research Network et al., 2013), more 

mutation specific predictions can be made. Second, my presentation score measures the ability of 

a patient’s immune system to expose and eliminate specific mutations; however, most patients will 

never acquire the vast majority of mutations in the first place. My algorithm is better poised to 

predict the mutations that a patient is less likely to get as opposed to the mutations a patient is 

likely to get. Finally, MHC presentation is only a small piece of the puzzle as shown by the effect 

sizes in chapter one and chapter two. In order to predict tumor susceptibility or tumor phenotypes 

accurately, the integration of other germline factors and environmental influences will be key.  
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 While MHC presentation scoring adds value to understanding tumor-immune interactions, 

they are unable to capture the complexity of the immune response to the tumor. The MHC 

presentation scores do not account for key aspects of neoantigens that are required to elicit an 

immune response. Mutations must be expressed in order for the mutated protein to exist and be 

able to bind to the MHC (Fortier et al., 2008). Furthermore, even if a mutation is presented by 

MHC-I, a T cell with a complementary TCR must exist in the T cell repertoire to spark an immune 

response (Reddy, 2017). Many predicted neoantigens have been found to be nonimmunogenic 

(Cohen et al., 2015; Strønen et al., 2016), highlighting the necessity and importance of this step. 

In addition, MHC presentation will only matter if the tumor has not evaded the immune system 

with immune checkpoints and an immunosuppressive environment (Cohen et al., 2015; Strønen et 

al., 2016). In addition to these limitations in my methods, I also acknowledge that these 

mechanisms only capture a small slice of the whole picture of tumor-immune interactions. In order 

to probe the whole picture, model organisms that allow for engineering of specific cancer states 

will be of great value.  

 Finally, this dissertation has mainly explored the impact of immune variation on tumor 

formation early in tumorigenesis rather than the time point when immunotherapies are traditionally 

applied. However, chapter three indicates that our methods may provide insight for this later time 

point. Currently, the two most promising immunotherapies are immune checkpoint inhibitors 

(ICIs) and tumor vaccines (Zamora et al., 2018). ICIs (eg. PDL1, CTLA-4) are small molecules 

that block upregulated immune checkpoints, allowing T-cells access to the tumor. They rely on 

the presupposition that neoantigens will be present on the cellular surface. My results in chapters 

one and two suggest that tumors select for clonal mutations that will specifically not be presented 

by either MHC-I or MHC-II, suggesting that patients may not respond because of a lack of 
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neoantigen as opposed to other targetable factors. Unless more mutations were invoked or the 

MHC alleles were altered (Ran et al., 2013), ICIs may continue to prove unhelpful for these 

patients. We demonstrated this concept of immunoediting leading to poor ICI response rates for 

young females in chapter 3. For vaccines, patients are infused with antigen containing a mutation 

in their tumor to train the T cell repertoire to react against the mutation (Butterfield, 2015). Ideally, 

a few key antigens for frequent driver mutations could be constructed that could be used on all 

patients. However, our results demonstrate that frequent mutations in the population will not be 

presented by the MHC-I or MHC-II of the vast number of individuals, leaving the tumors hidden 

from the immune response. Thus, it is likely that patient-specific antigens will be required for 

response, necessitating more expensive and intensive personalized vaccine development. While 

the MHC presentation scoring approach is valuable to understand the underlying interactions 

between the tumor and the immune system, the field must better understand the impact of immune 

variation at the later time point of existing tumors by accumulating more immunotherapy clinical 

trials. Furthermore, exome-sequenced immunotherapy patients will be key to determine if the 

hypothesis presented in chapter three extends beyond sex and age restrictions to become a 

framework for response prediction.  

 

Conclusions 

With immunotherapies having high promise of long-term benefit but low patient response 

rates, there is a high urgency to understand the patient heterogeneity leading to the spectrum of 

outcomes. Several computational tools have been developed to achieve this end, including the 

deconvolution of immune infiltration for bulk tumor (Newman et al., 2015; Racle et al., 2017), 

HLA typing from whole exome sequence (Shukla et al., 2015; Szolek et al., 2014) and MHC 
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binding affinity prediction algorithms (Jurtz et al., 2017; Karosiene et al., 2013). Furthermore, 

many studies have found that genomic variation in immune-coding regions indeed plays a 

tremendous role in shaping tumor phenotypes.  

In this dissertation, I furthered these efforts to understand the role of immune heterogeneity 

on tumor formation. First, I expanded the repertoire of tools to approach the biological question. 

To better understand MHC variation, I developed a scoring system to quantify residue-specific, 

patient-specific presentation by both MHC-I and MHC-II. Second, I used this scoring system to 

discover novel biology. The contribution of MHC-I variation on mutation selection was anticipated 

through its influence on other tumor phenotypes; however, the contribution of MHC-II variation 

highlights the impact of CD4+ T cells on tumor formation. Finally, I related my scoring system 

and biological discovery to a pressing clinical question. I presented evidence that sex and age play 

a key role in determining the strength of immunoediting and immune visibility of tumors during 

treatment. Though the model is unable to capture the full complexity of tumor-immune 

interactions, the approach outlined in this dissertation lays a foundation for understanding and 

measuring the pressure invoked by immune variation on tumor formation during early 

tumorigenesis. This improved understanding has the potential the alter the way immunotherapies 

are designed and developed. 
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