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Chapter 0: Introduction

In this dissertation I describe four projects investigating different aspects of the variability of
gene expression in human cancers. Two common themes unite these projects. First, I analyze
gene expression using patient- or donor-derived high-throughput sequencing data. I analyze gene
expression enrichment, gene-level or below-gene-level expression, or splicing diversity based on
bulk tissue RNA-seq datasets, and also gene (mis)translation based on whole proteomics and
immunopeptidomics data. Second, the projects all concern topics in cancer research. [ investigate
gene expression associated with cancer incidence sex bias, gene translation leading to potentially
immunogenic neopeptide in melanoma tumors, the use of different gene expression metrics in
cancer survival models to identify potential cancer gene dependencies, or the comparison of

metrics for use in comparing mRNA splicing within and between different cancers or tissues.

Large-scale next-generation sequencing projects

Next-generation sequencing (NGS) technologies have opened up the possibility of high-
throughput and high-resolution DNA and RNA sequencing of biological samples [1]. In
particular, high-throughput short-read RNA sequencing has made it possible to sequence tens of
millions of 25- to 250-base-pair reads per sample to produce accurate, high-coverage
transcriptomic datasets. In this dissertation I analyze NGS RNA-seq data in every chapter. With
the exception of the small study datasets analyzed in Chapter 2, this RNA-seq data comes from

two massive human tissue data projects.
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The Genotype-Tissue Expression (GTEx) project was launched with the aim of providing
researchers with DNA and RNA sequencing data for non-diseased human tissues [2]. The latest
version (v8) published in 2017 includes data on 54 tissues from 17,382 samples from 948
donors. Tissues samples were extracted from newly deceased donors and processed for
production of several data types including RNA-seq. Sample metadata includes notes on sample
quality, tissue composition, and extraction site, with some pathology annotations. Subject
metadata includes subject age (by decade), sex (male or female), and manner of death (using the
Hardy scale). In Chapter 1 I use this data to search for tissue-specific transcriptomic patterns
associated with incidence rate sex biases in autoimmune diseases and cancers. In the project
described in Chapter 3 I use this data in follow-up analyses (not included in the chapter) to
investigate the extent to which tumor-expressed transcripts or splicing events associated with
patient survival are expressed in non-diseased tissues. In Chapter 4 I use this data to visualize
mRNA splicing patterns within and between tissues.

The Cancer Genome Atlas (TCGA) project is a joint venture between the National
Cancer Institute and the National Human Genome Research Institute [3]. From 2006 to 2013 the
TCGA project collected paired tumor and normal tissue samples for 33 cancer types from over
eleven thousand patients. Data generation was completed in 2016. Tumor samples and in some
cases samples of normal adjacent tissues were collected during surgeries and processed for
production of several data types including RNA-seq. Sample metadata includes notes on sample
quality, tissue composition, and extraction site, amongst other values. Subject metadata is
extensive --- it includes age (by decade), sex (male or female), tumor type and subtype, and
extensive data on surgical history, drug treatment history, tumor remission or progression, and

patient survival. In Chapter 3 I use transcript-level RNA-seq data along with patient age, sex, and

Crawford 2



survival time to look for transcripts whose expression is associated with differential survival in
metastatic melanoma patients. In Chapter 4 I use subsampled raw RNA-seq data to investigate
the sensitivity of mRNA splicing diversity metrics to RNA-seq read depth. During the project
reported in Chapter 2 I used raw RNA-seq data from melanoma patients to construct a
melanoma-specific transcriptome to be used in constructing melanoma-specific search databases,
but that part of the analysis is not discussed in this dissertation.

In the projects reported in this dissertation we use TCGA and GTEx RNA-seq data that is
publicly available via the UCSC Xena project [4]. The Xena project recomputed gene expression
from raw data using a single pipeline to maximize comparability between TCGA and GTEx
datasets. We use GTEx RNA-seq data in Chapters 1, 3, and 4. We use TCGA RNA-seq data in

Chapters 3 and 4.

Healthy tissue references for disease incidence study

In Chapter 1 we investigate connections between incidence rate sex biases in autoimmune
diseases and cancers. Both autoimmune diseases (AIDs) and cancers have notably sex-biased
incidence rates. We ask whether the sex biases observed in the incidence of AIDs and cancers
that occur in the same tissue are correlated across human tissues. We find that the incidence rate
sex biases observed for AIDs and cancers that occur in the same tissue are positively correlated
across human tissues. To further investigate this correlation, we use RNA-seq data from GTEx
for the twelve tissues in question. The GTEx data not only includes many samples from both
men and women but it is also based on uniform data collection procedures across the tissues,
increasing our confidence in cross-tissue comparisons. We analyze gene expression data from

non-diseased tissue samples to determine if sex biases in gene set expression in these tissues are
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correlated with AID and cancer incidence rate sex biases in the same tissues. We find that the top
positively enriched gene set across human tissues whose expression sex bias is most strongly
associated with the incidence rate sex biases for AIDs, cancers, and AIDs and cancers considered

jointly, is the set of 37 genes encoded in the mitochondrial genome.

mRNA splicing

The increased depth and breadth of RNA-seq data from the TCGA and GTEX projects has
transformed our understanding of mRNA splicing. This is possible because next-generation
sequencing technologies provide enough accurate coverage of transcripts for researchers to infer
not just the gene from which a transcript was transcribed but also (to a great extent) the precise
structure of that transcript.

In human biology generally, alternative mRNA splicing has been shown to regulate
development and tissue identity [5], and physiology and pathology [6]. However, there is
continuing debate over the extent to which alternative splicing results from regulated processes
[7, 8, 9] as opposed to stochastic mechanisms [10, 11, 12]. In Chapter 4 we contribute to this
debate not by weighing in on one side or the other but by working to establish splicing diversity
metrics that can help standardize the quantitative discussions. We adapt diversity measures from
population ecology and population genetics to provide common metrics for formulating and
assessing questions regarding how much splicing occurs or how much splicing changes.

It has also become clear that alternative mRNA splicing plays a big role in human cancer
biology [13, 14]. RNA splicing is dysregulated in cancer [15] and this contributes to the
hallmarks of cancer [16]. This opens up the possibility of targeting cancer-specific splicing

events therapeutically [17], or exploiting cancer-specific splicing-derived neopeptides in anti-
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cancer immunotherapy (see below) [18]. In Chapter 3 we harness transcript-level TCGA RNA-
seq data to increase the predictive power of survival analyses. Survival analyses use patient data
to identify potential associations between clinical characteristics and survival time. A popular
approach in cancer research to identify genes of interest for further investigation is to model
patient survival as a function of gene expression, age, and sex. The status quo gene expression
metric for these survival analyses is gene-level RNA-seq expression level. However, some
researchers have published survival analyses using the metric of isoform abundance with the aim
of identifying genes of interest not found when using the metric of gene abundance [19, 20, 21,
22]. We analyze bulk RNA-seq data from TCGA metastatic melanoma samples using
hierarchical multivariate Cox proportional hazards survival models to examine the predictive
value of multivariate models based on different below-gene-level expression metrics in addition
to subject age and sample purity. We hypothesize that some fitted models using below-gene-
level metrics will identify survival associates not identified by fitted gene-level models, thus

increasing the exploratory reach of gene expression-based cancer survival models.

Cancer and the immune system

Just as advances in RNA sequencing have enabled our study of mRNA splicing and expression
in Chapters 3 and 4, so have advances in immunopeptidomics (also called HLA- or MHC-
peptidomics) enabled our investigation into HLA-presentation of peptides derived from cancer-
specific aberrant mRNA splicing events. Before going further into this data type I provide some
background on immune-mediated killing of cancer cells and the various sources of abnormal

peptides found in the immunopeptidome.
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Immune-mediated cancer cell death

Immune reaction to tumor cells is critical for elimination of cancer. A key component of
immune-mediated destruction of tumor cells is recognition by CD8+ cytotoxic T-lymphocytes
(CTLs) of non-self peptides bound to major histocompatibility complex 1 (MHC-1) receptors
presented on the outer membrane of tumor cells. The best-characterized of these non-self
peptides or 'neopeptides', known as tumor-specific antigens (TSAs) when immunogenic, are
those resulting from tumor-specific nonsynonymous mutations in the exome. Identification of
specific mutation-derived TSAs (mTSAs) has led to development of mutation-specific cancer
vaccines and in vitro clonal expansion and reintroduction of antigen-recognizing autologous
CTLs in adoptive cell therapy [23]. In addition, the abundance of mTSAs in a tumor, the tumor
mutation burden (TMB), is in many cases predictive of patient response to immune checkpoint
blockade (ICB) therapy, which involves administration of antibodies that interfere with cell-
mediated mechanisms of CTL response reduction [24, 25]. Here, the TMB is thought to estimate
the likelihood of CTLs recognizing and attacking tumor cells once immune checkpoint inhibiting

responses from those CTLs are blocked.

Immunoproteomics and neopeptides

Numerous recent studies empowered by next-generation sequencing technologies have found
that various phenomena in cancers lead to aberrant RNA transcripts and (potentially antigenic)
neopeptides: splicing factor dysregulation and mutation [26, 27]; increased intron retention in
splicing [28]; gene fusions [29]; novel exon-exon junctions [30]; transcript escape from
nonsense-mediated decay [31]; transposable element expression due to loss of DNA methylation

[32]; and transcription of regions outside the exome [33, 34].
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Researches have taken advantage of recent improvements in high-sensitivity mass
spectrometry to profile MHC-bound peptides (collectively, the immunopeptidome) but find few
if any T-cell reactive cancer-specific peptides per sample. To profile the immunopeptidome,
MHC-peptide complexes are recovered from cell lysate using an immunoaffinity assay,
complexes are separated and peptides eluted, and peptides are run through a mass spectrometer
to produce fragmentation spectra. These spectra are then queried against a protein database using
software like MaxQuant [35] to identify the peptides. For human cancer studies, the protein
database is typically composed of a human reference proteome (e.g. the UniProt database) and
mutated peptides predicted from whole exome or whole genome sequencing of tumor and
matched normal cells. Yadav et al. [36] performed MHC-peptidomics on two mouse cancer cell
lines. For the more mutated line Yadav et al. found evidence from RNA-seq for expression of
1,290 mutated peptides, 170 of which were predicted to bind to the cell line's MHC allotypes.
Only 7 of these peptides were identified through mass spectrometry, and 3 were validated as
immunogenic. Three 2016 studies identified mutant peptides bound to MHC molecules in human
melanoma. Gloger et al. [37] isolated over 10,000 MHC-bound peptides across 5 human
melanoma cell lines. They identified 262 peptides from 72 tumor-associated antigens (TAAs,
immunogenic proteins overexpressed in but not exclusive to cancer), and 1 mutation-derived
tumor-specific antigen (mTSA) (FDR=1%). Bassani-Sternberg et al. [38] identified 95,662
peptides across 25 human primary tumor samples, including 11 mTSAs (FDR=1%), of which 4
were found to be immunogenic by non-autologous T-cell response assays. Kalaora et al. [39]
identified 4,958 MHC-bound peptides from a human melanoma sample (FDR=5%); of 5,404

peptides predicted from 1,019 nonsynonymous mutations, 2 mTSAs were identified as MHC-
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bound peptides and 1 was found to be immunogenic via autologous tumor-infiltrating
lymphocyte response assays.

Laumont et al. [34] carried out an expanded search for tumor-specific antigens (TSAs) in
murine and human cancer cell lines by isolating MHC1-bound peptides, analyzing them via mass
spectrometry, and querying a larger than normal protein database. Their proteogenomic strategy
for assembling the peptide database for mass spectrometry queries attempted to capture proteins
from coding as well as (normally) noncoding regions of the genome. They accomplished this by
constructing their database from two sources: (1) peptides from all expressed protein-coding
transcripts (determined via RNA-seq) including those bearing nonsynonymous mutations
(determined via whole-exome sequencing); and (2) peptides translated from contigs of cancer-
specific RNA-seq read segments. The second part differs from the first in being alignment-free --
- the thinking is that since the RNA-seq reads derive from mRNA, any segment, regardless of its
original genomic source (i.e. whether annotated as coding or noncoding), could potentially be
translated to protein, processed, and presented by the cell's MHC receptors. They call tumor-
specific antigens from noncoding regions "aberrantly expressed TSAs" (aeTSAs). Because
aeTSAs need not result from mutations, it is possible this search method is more likely to find
shared antigens than one focused on exom mutations. In two murine cancer cell lines Laumont et
al. found 10 aeTSAs and 4 mTSAs, and 5 aeTSAs and 2 mTSAs, respectively, and they
confirmed the immunogenicity of several aeTSAs in vivo using naive and aeTSA-vaccinated
mice challenged with live murine cancer cell lines. They found aeTSAs in seven human primary
tumor samples (B-ALL and lung) but did not report on their immunogenicity.

In Chapter 2 we contribute to the search for cancer neopeptides by constructing and

running a pipeline for detecting aberrant peptides produced by translation perturbation. Our
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pipeline constructs peptide search databases based on selected transcriptional perturbations and
searches these databases for matches to de novo sequence predictions from HLA-peptidomics
data. Here we report our search for ribosomal frameshift-derived cancer neopeptides in human
metastatic melanoma tumor samples. We have also searched for neopeptides resulting from
amino-acid replacements during translation but we do not report the results here. With simple
modifications to the database construction procedure one can search for peptides resulting from

other translation perturbation events.
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Chapter 1: Sex Biases in Cancer and Autoimmune Disease Incidence
Are Strongly Positively Correlated with Mitochondrial Gene Expression

Across Human Tissues!

Abstract

Cancer occurs more frequently in men while autoimmune diseases (AIDs) occur more frequently
in women. To explore whether these sex biases have a common basis, we collected 167 AID
incidence studies from many countries for tissues that have both a cancer type and an AID that
arise from that tissue. Analyzing a total of 182 country-specific, tissue-matched cancer-AID
incidence rate sex bias data pairs, we find that, indeed, the sex biases observed in the incidence
of AIDs and cancers that occur in the same tissue are positively correlated across human tissues.
The common key factor whose levels across human tissues are most strongly associated with
these incidence rate sex biases is the sex bias in the expression of the 37 genes encoded in the

mitochondrial genome.

Introduction

Both autoimmune diseases (AIDs) and cancers have notably sex-biased incidence rates. Most
AIDs occur more often in women [40, 41], and most cancers occur more often in men [42, 43,
44]. While sex differences in several key biological factors have been implicated in the biased

incidence rates observed for both AIDs and cancer, including inflammation and immunity,

! This chapter was published in Cancers [174]. Any differences from the published version other than formatting
changes are inadvertent.
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metabolism and sex hormones, their mechanistic underpinnings remain largely unexplained [41,
45, 46].

Given these observations, we asked whether the sex biases observed in the incidence of
AlDs and cancers that occur in the same tissue are correlated across human tissues. This
question is of fundamental interest, since an affirmative answer may suggest that there are
common factors underlying their incidence. Establishing such a link between AIDs and cancers
could further prompt researchers to explore how pertaining findings in AIDs could cross fertilize
cancer risk studies and vice versa, potentially enhancing our ability to prevent and treat these
diseases.

To explore whether these sex biases are correlated across human tissues, we collected
population-based AID incidence studies for tissues that have both a cancer type and an AID that
arise from that tissue. For countries for which we collected AID incidence data, we gathered
incidence data for corresponding cancer types from national cancer registries. Analyzing a total
of 182 country-specific, tissue-matched cancer-AID incidence rate sex bias data pairs, we find
that the incidence rate sex biases observed for AIDs and cancers that occur in the same tissue are
positively correlated across human tissues. In addition, we analyzed gene expression data from
non-diseased tissue samples to determine if sex biases in gene set expression in these tissues are
correlated with AID and cancer incidence rate sex biases in the same tissues. We find that the top
positively enriched gene set across human tissues whose expression sex bias is most strongly
associated with the incidence rate sex biases for AIDs, cancers, and AIDs and cancers considered

jointly, is the set of 37 genes encoded in the mitochondrial genome.
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Methods

Overview
Our analysis is divided into two main parts: curation and analysis of disease incidence rate data;
and investigation of associations between incidence rates and gene expression in corresponding
non-diseased human tissue samples. First, we studied the association of incidence rates for AIDs
and cancers occurring in the same tissue. We collected incidence data for AIDs from published
studies, and for each country for which we found incidence data for a given AID, we collected
incidence data from that country’s national cancer registry for cancers occurring in the same
tissue as the AID. We matched AID and cancer incidence data by tissue and by country to
produce country-specific tissue-matched AID-cancer incidence rate data pairs. We then
computed across-tissue correlations between AIDs and cancers for male incidence rates, female
incidence rates, overall incidence rates, and incidence rate sex biases, at both the individual
country level and the across-country global level.

Next, we used non-diseased human tissue transcriptomic data from GTEx version 8 [47]
to investigate possible factors across human tissues that might be associated with incidence rate
sex biases. We computed correlations between incidence rate sex biases and either expression of

individual genes or enrichment of human functional gene sets across tissues.

Autoimmune disease incidence data curation

We first performed an extensive literature search for sex-specific incidence data for AIDs. For
each AID, we searched for original studies mentioning the disease and epidemiology,
prevalence, incidence, incidence rate, or sex bias using Google Scholar. We considered only

population-based studies that use clinical inclusion criteria and have at least 25 cases for a given
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disease. We evaluated whether or not a study was population-based using either (a) the
characteristics of the existing data source used in the study (e.g., a mandatory country-wide
reporting registry) or (b) estimates showing that the data collected in the study were likely
representative of the overall population. We evaluated whether or not a study used clinical
diagnostic criteria by looking for use of a disease-specific blood test, a histological assay, or
other evidence used to confirm diagnosis and rule out similar non-autoimmune conditions.
Additionally, we considered only AIDs with a focal primary tissue (e.g., we included ulcerative
colitis but excluded Crohn’s disease), for which we could find incidence data for at least three
countries. We excluded sex-specific tissues.
We collected 188 AID-country incidence rate datasets from 167 studies. For each dataset,
we calculated the incidence rate sex bias (IRSB) as
IRSB = log,(IRyaLe/IRpEMALE)
so that a value of zero indicates no bias, a positive value indicates a higher incidence rate in
males (termed a “male bias”) and a negative value indicates a higher incidence rate in females
(similarly termed a “female bias™). A majority of the studies provided sex-specific (123 of 188
datasets, 65%) and total (143 of 188, 76%) incidence rates (IR):
IRpop = casespop/populationpyp
where: “POP” stands for either the “MALE”, “FEMALE”, or “TOTAL” population;
caseSrorar = €aseSyarg + caseSgpmare; and populationrora, = populationy g +
populationggya.e)- Most studies reported IR as cases per year per 10° persons; those using a
different scale were converted to this scale. We used “crude” incidence rates (as defined above)

when available; some studies provided only age-adjusted incidence rates.
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Estimating incidence rates

For each of the four incidence rate measures we consider (IRSB, IRr, IRm, and Rrorar) the
majority of studies provided a value, while other studies gave values for other measures (i.e.,
different incidence rates or case counts) that can be used to estimate the value of that measure.
For a given measure we can divide our AID-country datasets into four groups (Table 1): (1)
those with the measure’s value but not the values of other measures we can use to estimate that
value; (2) those with the measure’s value and the values of other measures we can use to
estimate that value; (3) those without the measure’s value but with the values of other measures
we can use to estimate that value; and (4) those with neither the measure’s value nor the values
of measures we can use to estimate that value. For each measure, we assessed the accuracy of
our estimator by comparing the actual and estimated values for datasets in group (2), and then
used that same estimator to estimate values for datasets in group (3).

The estimators for all four measures require a value for the population’s sex ratio (Formula 1)

S populationggpmarr
€XRratio = [
Ratio populatLOnMALE (1)

©

As only one study provided the background population sex ratio, we estimated measures using
either a sex ratio of 1:1 or the sex ratio for the corresponding population (matching the specific
country during the years the study was conducted) according to United Nations estimates [48].

Based on (A), (B), and (C), we estimated /RSB, IRF, IRy, and IRror4z as (Formulas 2—5):

cases
IRSB = log, (—MALE X SexRatio) (2)
CASeSFEMALE
CaSeSrpmALE
IRpgmare = IRrorar X ————— X (1 + 1/Sexgpatio) 3)
caseSroraL
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caseSyaLe

IRyaLe = IR7oTAL X P X (1 + Sexgqtio) (4)
TOTAL
SexRatio
IR =Ry X|—— |+ IR X(—)
ToTAL M (1 + SexRatio) F 1+ Sexpqtio (3)

To assess the accuracy of our estimators we compared the actual and estimated values for
datasets in group (2) in two ways (Table 2). First, we computed the Pearson’s correlation
coefficient r between the two values. All estimators were accurate: for each the correlation
coefficient was close to 1 and the one-sided #-test was significant. Second, we computed a simple
linear model of the form X ciyq1 = B X Xestimate + @- All estimators were accurate: for each the
coefficient B was close to 1 and the 72 close to 1 (where r is the Pearson’s correlation
coefficient). For all four measures the estimators performed well, but for each measure the
estimator using a sex ratio of 1:1 performed as good as or slightly better than the estimator using
the sex ratio based on the United Nations estimates. Accordingly, for our analyses we used
estimators with a sex ratio of 1:1. For all of our analyses, results computed using only given
values, and not estimates, were consistent with results computed using both given and estimated
values (the code for this paper includes scripts to reproduce all tests and figures using data that

either includes or excludes estimated values).

Table 1. Incidence rate measures and estimators.

Measures to estimate, measures needed for estimators, and numbers of datasets with values for
these measures. Numbers indicate dataset count and percentage (out of 188 total datasets) for
each group of datasets (1-4) described in the text.

(a) Measure to (b) Measures Needed (1) Datasets (2) Datasets with (3) Datasets with  (4) Datasets with

Estimate for Estimator with (a) (a) & (b) (b) but not (a) neither (a) nor (b)
IRSB casesm/casesr 125 (66%) 105 (56%) 63 (34%) 0 (0%)
IRy, IRF IRr0141, casesw/casesr 123 (65%) 84 (45%) 41 (22%) 24 (13%)
IRro14L IRwm, IRF 143 (76%) 101 (54%) 22 (12%) 23 (12%)
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Table 2. Pearson’s correlation coefficient and simple linear model results for estimators.
For each measure, each of two estimators (with sex ratio as 1:1 or from the United Nations
estimates) is shown with its simple linear model coefficient S, intercept @, and r?, and its
Pearson’s correlation coefficient r and one-sided #-test p-value.

Measure Estimator B a I r P
IRSB;.; 0.922 —0.0254  0.966 0.983 6.04 x 1078
IRSB
IRSByy 0.923 —0.0585 0.963 0.981 5.54 x 10776
IRpgMaLE 1:11.020 —0.303 0.997 0.998 1.15 x 107197
IRFEMALE
IRpgMmaLE un1.035 —-0.307 0.997 0.999 5.04 x10710

IRMaLE 11 0.975 0.228 0.997 0.999 6.10 x 107198

IRyaLE
IRyaLEun 0.959 0.236 0.997 0.999 2.26 x 10719
IR7o7aL;1:1 1.013 —0.123 1.000 1.000 1.09 x 107182
IRroraL
IR7oraL,un 1.013 —0.136 1.000 1.000 1.39 x 107182

Combining data for each country.

When multiple studies were available for an AID in a country, we used the across-study
arithmetic mean of each incidence rate measure as the measure value for that AID-country pair
(for IRy arE> IRFEMALE> IRTOTAL> OF IRSB measures). Overall, surveying 167 published studies
(Supplementary References), we calculated 133 country-specific AID incidence rate sex bias
data points for 17 AIDs in 33 countries (Table S1, e.g., the mean incidence rate sex bias for Type

1 diabetes in Spain is one such data point).
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Cancer incidence data curation

Cancer incidence rates were calculated from GLOBOCAN [49] data for all but three countries.
For each country for which we had AID data, we computed each cancer type’s incidence rate
measure for each year and then averaged the yearly measure values to produce a single measure
value for each country-cancer pair (for IRy a1z, IRFEmaLe> IRToTAL> O IRSB measures). Cancer
data for Finland [50], Sweden [51], and Taiwan [52] were collected from country-specific
databases. For Finland and Sweden we calculated each incidence rate measure as the across-year
average yearly measure for each cancer type for the most recent 20 years (1999-2019) for each
country. For Taiwan we calculated each measure as the average of the measure for the two
available time periods (1998-2002, 2003-2007). Overall, we calculated 165 country-specific
cancer incidence rate sex bias data points for 17 cancer subtypes in 29 countries (Table S2; for

an additional four countries we were unable to find population-level cancer incidence data).

Pairing AID and cancer incidence data

Across 12 human tissues we paired 17 AIDs with 17 cancer types for a total of 24 cancer-AID
data pairs. To compute the correlation between AIDs and cancer incidence rate sex biases across
tissues, we grouped AIDs with matched cancers occurring in the same tissue in the same country
(Table S3). For example, for the UK, we paired thyroid AID data points for Hashimoto’s
hypothyroidism and Graves’ hyperthyroidism with cancer data points for thyroid carcinoma and
thyroid sarcoma, resulting in 4 possible thyroid cancer-AID pairs. The 133 country-specific AID
incidence rate sex bias data points were matched to the 165 country-specific cancer incidence

rate sex bias data points, yielding a total of 182 country-specific, tissue-matched cancer-AID
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incidence rate sex bias data pairs that are jointly present in both the AID and cancer datasets

(Table S2).

Gene expression analysis of human tissues

Gene expression was calculated from GTEx v8 data [47] provided in transcripts-per-million
(TPM). For gene i and tissue k with m samples we calculated the within-tissue gene expression
(GE) as the arithmetic mean TPM across samples as (where “POP” stands for either the

“MALE”, “FEMALE”, or “TOTAL” population, Formulas 6—7) :
m
1
GEpop,ix = EZ TPMpop,ijk (6)
j=1
and the gene expression sex bias (ESB) as:
ESB; ) = logz(GEMALE,i,k/GEFEMALE,i,k) (7)
where both GEp 415 i and GEpgpyarE i x are positive.
For a set of n genes N and tissue k with m samples, we calculated the within-tissue gene set
activity (GSA) as the geometric mean of gene expression across genes (Formulas 8—9):

n l/Tl
GSAPOP,N,k = (n GEPOP,i,k) (8)

=1

and the gene set activity sex bias (ASB) as:

ASBy . = log, (GSAMALE,N,k / GSAFEMALE,N,R) )

where both GSApya1e vk and GSArgmaLe Nk aT€ pOSItive.
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Gene Set Enrichment Analysis across Human Functional Pathways

We performed gene set enrichment analysis (GSEA) in three steps. First, for each gene in each
tissue we calculated the gene expression sex bias (ESB). Second, we computed the across-tissue
Spearman correlation of the ESB of each gene with AID or cancer IRSBs (we abbreviate these
correlations as corrgsp/rsp)- We also computed aggregated or “joint” corrggsp /irsp values as
the average for each gene of its corrggp /jrsp value for AID IRSBs and its corrggp/irsp value
for cancer IRSBs. Finally, for each of these three phenotypes, we ordered all the genes from
greatest to least by the corrggp/rsp values and performed a GSEA [53] to identify gene sets and
pathways that were either significantly positively or negatively associated with IRSB (for gene
sets used see Results). We considered GSEA results significant if the adjusted p < 1073 (we
used the Benjamini-Hochberg method to adjust p-values for multiple tests) and ranked the results

by normalized enrichment score (NES) [53].

Results

We surveyed 167 published AID studies and the cancer registries for 29 countries to assemble
182 country-specific, tissue-matched cancer-AID incidence rate sex bias data pairs (Methods;
Table S2). For each study, we calculated the incidence rate sex bias (IRSB) as IRSB =
log,(IRyare/IRFEMaLE)> Where IRy 41z and IRpgy a1y are the male and female incidence rates,
so that a value of zero indicates no bias, a positive value indicates a higher incidence rate in
males (termed a “male bias”) and a negative value indicates a higher incidence rate in females
(similarly termed a “female bias”). Having assembled these data, we computed the mean IRSBs
to get a view of tissue-matched cancer and AID incidence rate sex bias across tissues, yielding

global IRSB values for 17 AIDs and 17 cancer types across 12 human tissues, comprising a total

Crawford 19



of 24 cancer-AID data pairs. As expected, most AID incidence rates are female-biased (a
negative sex-bias score), while most cancer incidence rates are male-biased (a positive sex-bias
score) (Figure 1A, Table S4). Figure 1B presents the correlation of the IRSB of these disorders
across human tissues, summed up across all countries surveyed. Notably, we find an overall
positive correlation (Pearson correlation » = 0.48 with two-sided #-test p = 0.017, Spearman
correlation » = 0.43 with two-sided #-test, p = 0.034). Repeating this analysis using various levels
of cancer type classification shows a consistent and robust correlation (Figures S1 and S2, Table
S5). (We used Pearson’s product-moment correlation coefficient to measure correlation because
it takes effect size into account. We also provide correlation test results based on Spearman’s
rank correlation coefficient as this assesses correlation differently and may be of interest to the
reader. We considered a correlation test result significant when the #-test adjusted p < 0.05. We
used the Benjamini-Hochberg method to adjust p-values for multiple tests). Second, studying this
correlation in a country-specific manner for the four countries with at least 18 AID-cancer data
pairs, we find a country-specific significant correlation for Sweden, while the correlations for
Denmark, the UK and the USA have g-values (p-values corrected for multiple hypotheses
testing) > 0.05 but are quite close to this threshold, showing a consistent trend for each country

(Figure 1C).
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Figure 1. Incidence rate sex biases for cancers and AIDs are positively correlated across tissues
of origin.
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(A) Distribution across countries of incidence rate sex bias (x-axis) for 17 AIDs and 17 cancer
types (y-axis). All data points are shown. Box shows interquartile range (IQR, first quartile to
third quartile), with center bar representing the median (second quartile). Lefthand whisker
extends from first quartile (Q1) to Q1—1.5%IQR or to the lowest value point, whichever is
greater. Righthand whisker extends from third quartile (Q3) to Q3 + 1.5%IQR or to the highest
value point, whichever is smaller. Positive median sex bias (red) indicates median with higher
incidence rate in men; negative median sex bias (blue) indicates median with higher incidence
rate in women. To fit the data compactly, the x-axes for the left and right panels differ in two
unconventional ways: First, the center point for (A) is close to —2 because most AID IRSB
values are negative whereas the center point for (B) is just above 0 because most cancer IRSB
values are positive; Second, the range of the x-axis is greater in (A) than it is in (B) (and thus the
numbering is also different) because the range of AID IRSB values is greater than that of the
cancer IRSB values. (B,C) Tissue-matched incidence rate sex biases for cancers (x-axis) and for
autoimmune diseases (y-axis) are displayed across different tissues of origin (circle color
indicates the tissue). Positive values in each of the axes indicate male bias; negative values
indicate female bias. The dashed line is the simple linear regression line. Statistics in the top left
corner include the Pearson’s product-moment correlation 7-value (R;) and #-test p-value; and the
Spearman’s rank correlation coefficient value (Rs) and a #-test p-value (z-tests were two-sided for
the global-level tests and one-sided for the country-level tests). For country-level tests, p-values
were corrected for multiple testing using the Benjamini-Hochberg method to produce g-values.
(B) Across-population averages, with the cancer-AID pairs labeled. To fit the data compactly,
the plot is centered close to (0, —1) as opposed to the more conventional center of (0,0) because
the majority of the AID IRSB values are negative. (C) Population-level data for the four
countries with the largest numbers of data pairs (at least 18 out of 24 cancer-AID pairs),
maintaining the tissue color labels used in the top panel (USA, 20 pairs; Denmark, Sweden, &
UK, each 18 pairs). AIDs: AD, Addison’s disease; aGBM, anti-glomerular basement membrane
nephritis; AHA, Autoimmune hemolytic anemia; AIG, Autoimmune gastritis; AIH, Autoimmune
hepatitis; CD, Celiac disease; DLE, Discoid lupus erythematosus; GH, Graves’ hyperthyroidism;
HH, Hashimoto’s hypothyroidism; ITP, Immune thrombocytopenic purpura; LS, Localized
scleroderma; MN, primary autoimmune membranous nephritis; MS, Multiple sclerosis; PBC,
Primary biliary cholangitis; Pso, Psoriasis; T1D, Type 1 diabetes; UC, Ulcerative colitis.
Cancers: ADGL, adrenal gland cancer; BCS, liver (biliary) cholangiosarcoma; COLON, colon
cancer; CNS, central nervous system cancer; GBBT, gallbladder & biliary tract cancer; KDNY,
kidney cancer; LIC, liver carcinoma; LIHB, liver hepatoblastoma; LIS, liver sarcoma; ML,
myeloid leukemia (acute and chronic); MM, multiple myeloma; PANC, pancreatic cancer; SKM,
skin melanoma; SMINT, small intestine cancer; STOM, stomach cancer; THC, thyroid
carcinoma; THS, thyroid sarcoma.

Observing this fundamental correlation, we next asked if we could identify factors that
might jointly modulate both the incidence rate sex bias observed in cancer and in AID across
human tissues. We conducted both an unbiased general investigation and a hypothesis-driven

one. We specifically examined four major factors that have been previously associated in the
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literature with the incidence rates of cancers and AIDs and/or their incidence rate sex biases.
Those include (1) inflammatory or immune activity in the tissue [54, 55]; (2) expression of
immune checkpoint genes [56, 57]; (3) the extent of X-chromosome inactivation [45, 58]; and
finally, (4) mitochondrial activity [59, 60] and mitochondrial DNA copy number [61, 62].
Having these literature-driven specific hypotheses in mind, we still have chosen to begin
by systematically charting the landscape of gene sets whose sex-biased enrichment in normal
tissues is associated with IRSB in cancers and AIDs in an unbiased manner. We analyzed gene
expression data from non-diseased tissue samples from GTEx v8 [47], for tissues in which both
cancer and AID arise; GTEx data were available for 10 of the 12 tissues we studied above (Table
S3). First, (1) for each gene in each tissue we calculated the expression sex bias (ESB) as ESB =
log,(GEyaLg/GErgmaLs), Where GEya1r of GEpgyarp denote the average gene expression in
TPM (transcripts-per-million) for male or female samples of the tissue. (2) Second, we computed
the correlation of the expression sex bias of each gene with AID or cancer IRSBs (we abbreviate
these correlations as corrgsg/rsp)- We also computed aggregated or “joint” corrggp /irsp
values as the average for each gene of its corrggp/rsp value for AID IRSBs and its
CoTTgsp/1rsp Value for cancer IRSBs. (3) Finally, for each of these three phenotypes, we ranked
all the genes from top to bottom by the correspirss values and performed a gene set enrichment
analysis (GSEA) [53, 63] to identify gene sets and pathways that were either significantly
positively or negatively associated with IRSB. In total, this analysis covered 7763 gene sets,
including gene ontology biological process sets and chromosome-location based sets from
MSigDB [64], three X-chromosome gene sets (fully escape X-inactivation, variably escape X-
inactivation, and pseudoautosomal region) [65], and finally, the two separate sets of nuclear-

encoded genes whose protein products localize to the mitochondria and the 37 mitochondrial-
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genome-encoded genes [66]. In this study, we consider the 37 mitochondrial genes as a set; all

the genes are listed individually and some previously identified associations between individual

genes and either AIDs or cancer are shown in Table S6.
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Figure 2. GSEA results for correlations of gene expression sex bias with IRSB across 10 GTEx
tissues.

Top 5 positively and negatively enriched gene sets, with adjusted p < 1073, for AID incidence
(positive, (A); negative, (B)), cancer incidence (positive, (C); negative, (D), and AIDs and
cancers jointly (positive, (E); negative, (F)). For each gene set the plot shows: (Gene set) name;
(Gene ranks) bar plot of correspirss values ordered from highest correlation at the left to lowest
at the right (bars for genes in the gene set are black); (NES) normalized enrichment score; and
(padj) Benjamini-Hochberg corrected p-value. Abbreviated gene set names: (1) Gene Ontology
Biological Process (GOBP) Nuclear transcribed mRNA catabolic process nonsense-mediated
decay; (2) GOBP Humoral immune response mediated by circulating immunoglobulin; (3)
GOBP Nuclear transcribed mRNA catabolic process. Tissues include: adrenal gland, brain,
colon, kidney, liver, pancreas, skin, small intestine, stomach, and thyroid.

Figure 2 shows the top positively and negatively corrgsp /1rsp enriched sets with p <

1072 after multiple hypotheses test correction for AID incidence (positive, Panel A; negative
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Panel B), for cancer incidence (positive, Panel C; negative Panel D), and their joint aggregate
enrichment for both AID and cancer incidence (positive, Panel E, negative, Panel F). Strikingly,
the top enriched gene set (highest normalized enrichment score (NES)) in all three phenotypes is
the set of 37 genes encoded on the mitochondrial genome, including many genes with high
COTTEsp/1rsp Values. In contrast, while the (much larger) set of all genes encoding proteins that
localize to the mitochondria is significantly enriched for cancer IRSB, it is not significantly
enriched for AID IRSB, where it is only ranked 3842 out of 6420 (negatively) enriched gene
sets. Several immune-related gene sets also show high and significant corrggp /;rsp positive
enrichments in accordance with one of our initial hypotheses (Figure 2). However, the three
different X chromosome gene sets studied in light of another one of our original hypotheses are
not significantly enriched in corrggp/irsp values. Finally, several mRNA processing gene sets
show strong negative significant correlations and high negative NES scores with AID and cancer

incidence.

To obtain a clearer visualization of the key positively enriched gene sets described above,
we summarized the expression of the genes composing a given gene set in a normal GTEXx tissue
by computing their geometric mean, giving us a single activity summary value. We then
computed the correlation across tissues between these summary values of the gene sets in each
normal tissue and the IRSBs of cancers or AIDs (Figure 3). In concordance with the results of
the unbiased analysis presented above, we do not observe a significant correlation between
cancer or AID incidence rate sex bias and the expression of key immune checkpoint genes
(CTLA-4, PD-1, or PD-L1, Figure S3), or the extent of X-chromosome inactivation (quantified
by the expression of XIST IncRNA [67], Figure S4). We also do not find such significant

consistent correlations for the top immune gene sets found via the unbiased analysis (previously
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shown in Figure 2). However, we do find strong correlations between these summary values for
the mitochondrial gene set, which was ranked highest in Figure 2 (gene set “MT”): Remarkably,
we find that the sex bias of mtRNA expression in GTEX tissues is positively correlated both with
AID incidence rate sex bias (Pearson » = 0.56, one-sided #-test p = 0.018) and with cancer
incidence rate sex bias (Pearson r = 0.67, one-sided t-test p = 0.0058) (Figure 3A,B; the
correlations between mtRNA expression and cancer and AID incidence rates for each of the
sexes individually are provided in Figure S5). The significance of these two associations is
further supported by observing that the basic correlation between cancer and AID IRSBs
becomes insignificant when we compute the partial correlation between these two variables
while controlling for the mtRNA expression bias (Pearson r = 0.21, two-sided #-test p = 0.42).

Overall, these findings are in line with previous reports linking mitochondrial activity [59, 60]

and mtDNA copy number [62, 61] with higher AID and cancer incidence.
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Figure 3. Mitochondrial gene expression is a strong correlate of sex biases in incidence rate of

autoimmune diseases and cancer types across tissues.
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The correlation between expression ratio of mitochondrial gene expression in male vs. female
tissues (x-axis) with the incidence rate sex biases of (A) autoimmune diseases (y-axis) and (B)
cancer types (y-axis) across human tissues (circle color indicates the tissue). AIDs: AD,
Addison’s disease; aGBM, anti-glomerular basement membrane nephritis; AIG, Autoimmune
gastritis; AIH, Autoimmune hepatitis; CD, Celiac disease; DLE, Discoid lupus erythematosus;
GH, Graves’ hyperthyroidism; HH, Hashimoto’s hypothyroidism; LS, Localized scleroderma;
MN, primary autoimmune membranous nephritis; MS, Multiple sclerosis; Pso, Psoriasis; T1D,
Type 1 diabetes; UC, Ulcerative colitis. Cancers: ADGL, adrenal gland cancer; CNS, central
nervous system cancer; COLON, colon cancer; KDNY, kidney cancer; LIC, liver carcinoma;
LIHB, liver hepatoblastoma; LIS, liver sarcoma; PANC, pancreatic cancer; SMINT, small
intestine cancer; SKM, skin melanoma; STOM, stomach cancer; THC, thyroid carcinoma; THS,
thyroid sarcoma.

Discussion

The correlative findings between the expression of mitochondrially encoded genes and cancer
and AID IRSBs across human tissues are quite surprising, giving rise to two further fundamental
questions. First, what biological mechanisms may be associated with sex differences in overall
mitochondrial functioning? One potential candidate may be estrogen signaling, which has been
shown to regulate at least four mitochondrial functions relevant to health and disease [68],
including, (1) biogenesis of mitochondria, whose levels differ across sexes and tissues [69], (2)
T-cell metabolism (including mitochondrial activity measured by Seahorse assays) and T-cell
survival (estimated by retention of inner membrane potential) [70], (3) unfolded protein response
[71] (mediated partly via mitochondrial superoxide dismutase) [72], and (4) generation of
reactive oxygen species (ROS) [73]. Second, how might sex differences in mitochondria
functioning modulate the sex-biased incidence observed in cancers and AIDs? One possible
mechanism is through differences in ROS production, which notably involves quite a few
mitochondrially encoded genes: Increased mitochondrial ROS generation has been associated

with both the initiation and intensification of autoimmunity in several organ-specific AIDs [59]
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and with cancer initiation and progression [60]. More generally, alterations in mtDNA copy
number have been associated with increased risk of lymphoma and breast cancer [62], and
somatic mtDNA mutations producing mutated peptides may trigger autoimmunity [61].

Our analyses have a few limitations and we list three main ones. First, the majority of our
AlID-cancer data pairs are from European countries (113 of 182 [62%]), which might introduce
geographic, ethnic, or social biases. This geographic bias in our AID-cancer data pairs is largely
due to a paucity of suitable AID epidemiological studies based on populations outside of North
America and Europe, particularly on populations in low- and middle-income countries [74, 75].
For example, despite the geographically widespread study of common AIDs such as multiple
sclerosis and type 1 diabetes, for other common AIDs such as Hashimoto’s hypothyroidism,
Graves’ hyperthyroidism, and ulcerative colitis, data from regions outside North America and
Europe are sparse [76]. Second, factors beyond biological drivers, such as sex differences in the
propensity to seek medical care or reporting of specific diseases, are not characterized in the
datasets studied. However, putative disease-specific effects may be somewhat mitigated given
the opposite tendency of sex biases for AIDs and cancers in a study of tissue-specific
correlations like ours. Although there is evidence for the role of environmental exposures in the
development of some AIDs [77], there is little evidence for sex-specific exposures contributing
to sex biases in AID incidence [78]. Likewise, a recent study of the contribution of risk factors to
sex disparities in the incidence of solid tumor cancers at 21 anatomical sites found that
differences between male and female incidence rates are largely unexplained by factors outside
of sex-related biological factors [79]. Third, although much of the incidence rate data is age-

standardized, we could not take additional steps to account for age-related incidence rate
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differences as the sample sizes available are too small to enable doing such an analysis in a
robust manner.

It has been hypothesized that chronic inflammation leads to cancer [80, 81]. Indeed, a
recent study analyzing UK Biobank data found positive associations between several tissue-
specific immune-mediated diseases (i.e., diseases such as asthma and myositis in addition to
AIDs) and subsequent cancer risk in the same individual [82]; they did not however consider
sex-bias. Both this study and our study seek statistical evidence of shared risks between immune
diseases and cancer. However, in contrast to this individual-level study design assessing within-
subject risk of sequential disease appearance in the UK population, we chose a population-level
study design assessing within-population correlations between IRSBs for AIDs and cancers
affecting the same tissues across populations. A strength of our study is that when AID studies
reported whether individuals developing AIDs had previous immune-related diseases or cancers
we excluded individuals with such previous diseases from our study.

As in humans, sex differences have been reported in animal studies of diseases, which
has prompted us to search the literature and survey previous studies of sex bias in disease
incidence in rodent models of cancers and AIDs. We focused on studies of sex difference in
spontaneous and/or autochthonous carcinogenesis by either carcinogen treatment or genetic
engineering, excluding transplantation of syngeneic animals because these animals do not model
disease development (representative examples are listed in Tables S7 and S8 for cancer and
AlDs, respectively). Table S7 lists our cancer incidence findings, where the sex bias was male
skewed in colon, liver, kidney, pancreas, and stomach, and higher in females in the thyroid,
consistent with the human reports. Interestingly, for colon, liver, kidney, pancreas, and thyroid,

the sex bias disappeared or was reduced when the animals were subjected to
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castration/ovariectomy or hormone treatment, supporting the notion that the differences in these
organs are likely to be driven by sex hormones. Table S8 lists AID rodent models that allow for
direct comparisons to the human data. The AID sex bias reported is however generally higher in
males than in females, in difference from the human findings, but the higher male bias observed

in kidney, colon, pancreas, and skin compared to the thyroid is maintained.

Conclusion

In summary, we find a surprising overall positive correlation between cancer and AID incidence
rate sex biases across many different human tissues. Among key factors that have been
previously associated with sex bias in either AID or cancer incidence, we find that the sex bias in
the expression of mitochondrially encoded genes (and possibly in the expression of a few
immune pathways) stands out as a key factor whose aggregate level across human tissues is quite
strongly associated with these incidence rate sex biases. Our findings thus call for further
mechanistic studies on the role of mitochondrial gene expression in determining cancer and AID

incidence and their incidence rate sex biases.
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Chapter 2: Combining De Novo Peptide Sequencing Predictions with

Massive Database Searches to Identify Cancer Neopeptides

Introduction

The evolutionarily conserved systems for translating mRNAs into proteins are often perturbed in
cancer cells [85]. This can provide selective advantages to cancer cells, but by producing
aberrant protein that can be presented on a cancer cell's HLA receptors it can also trigger an anti-
cancer immune response. Two recent studies demonstrated that both interferon-gamma (IFNg)
treatment and tryptophan (W) depletion can cause translation perturbation in melanoma cells [86,
87]. Immune cytolytic T-cell activation leads to release of IFNg which induces melanoma cells
to catabolize tryptophan and export the resulting immunosuppressive catabolites [86, 88]. This
immunosuppressive response by the cancer cell causes a shortage of the already rare tryptophan
and can result in ribosomal stalling at tryptophan codons during translation, leading to ribosomal
frameshifts [86] or incorporation of a different amino acid (with a near-cognate anticodon) into
the growing peptide [87]. Both processes can produce aberrant peptides capable of stimulating an
anti-cancer immune response.

In this chapter we describe our computational pipeline for detecting aberrant peptides
produced by translation perturbation. We use published RNA-seq and mass spectrometry (MS)
data from Bartok et al.'s study of MD55A3 melanoma cell lines that underwent either IFNg
treatment or W-depletion [86]. We construct large databases of possible ribosomal frameshift-
induced aberrant peptides and search for matching sequences in mass spectrometry data from
HLA-bound peptides. Although this computational approach to finding these rare events in

proteomics data is quite challenging [89], we aim to demonstrate the feasibility of this approach
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and point towards future work that can make this a practical method for identifying novel forms

of translation perturbation in cancer.

Frameshift events

Frameshift events occur when a ribosome adjusts its position upstream (towards the 5' end of the
transcript) or downstream (towards the 3' end of the transcript) on the mRNA transcript, thereby
changing its codon reference frame. The most common frameshifts are "-1" frameshifts (a shift
by one nucleotide upstream; here we call these "FSu" events) and "+1" frameshifts (a shift by
one nucleotide downstream; here we call these "FSd" events). In the best studied cases frameshift
events result from multiple evolutionarily conserved mRNA features that together cause
ribosomes to stall and then shift upstream (or less commonly downstream) [90, 89, 91]. In
contrast to this "programmed" frameshifting, the less-studied process amino acid shortage-
induced frameshifting appears to rely less on mRNA sequence features other than occurrence of
specific codons and its occurrence with respect to particular transcripts more haphazard [91]. In
either case however we formally represent the products of these events in the same manner. In
Figure 4 (a) we see an RNA transcript (here we use the nucleotide thymine, "T', in the place of
uracil, 'U") divided into three-nucleotide codons according to each of the three possible reading
frames. The protein products in (b) result from translation without a frameshift. In (c) we
represent a +1 ribosomal frameshift after the underlined codon 'GTT' by removing the first
nucleotide of the next codon ("T") because in this case the ribosome moves forward by one
nucleotide and so never reads that nucleotide, instead first reading the codon 'GTT' in Frame 1
and then reading the codon 'GAC' in Frame 2. In (d) we represent a -1 ribosomal frameshift after

the underlined codon 'GTT' by doubling the last nucleotide of that codon ("T") because in this
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case the ribosome moves backwards and so reads the last nucleotide of that codon twice, first as

the last letter of '"GTT' in Frame 1 and second as the first letter of "TTG' in Frame 0.

(a)
Frame 0:

CT|CGC|GTC|CCG|AGT|TTG|ACT|GGC|AGG|ACC|C
R Vv P S L T G R T

Frame 1:

CTC|GCG|TCC|CGA|GTT|TGA|CTG|GCA|GGA|CCC
L A S R v 0 L A G P

Frame 2:

C|TCG|CGT|CCC|GAG|TTT|GAC|TGG|CAG|GAC]|CC
S R P E F D W Q D

(b) CTCGCGTCCCGAGTTTGACTGGCAGGACCC
Frame 0 R v P S L T G R T
Frame 1 L AS RV OL A G P
Frame 2 S R P E F D W Q D

(c) CTCGCGTCCCGAGTTGACTGGCAGGACCC
Frame 1 L A S R V
Frame 2 D W Q D

(d) CTCGCGTCCCGAGTTTTGACTGGCAGGACCC
Frame 0 L T G R T
Frame 1 L A S R V

Figure 4. Reading frames and frameshifts.
We represent the translation of the stop codon 'TGA' with 'O' (see Methods).

Experimental data

Bartok et al. studied the human melanoma cell line MD55A3 in vitro. Four replicates were made

for each of three conditions: (1) no treatment (NT); (2) [IFNg treatment (IFN); and (3)
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tryptophan-depleted medium (W) (going forward we will refer to each of these replicates as an
'experiment’). For each of these twelve experiments they extracted HLA-bound peptides. In

addition they performed RNA-seq for two replicates each of the NT and IFN conditions.

Mass spectrometry

Bartok et al. analyzed the HLA-bound peptides isolated from each experiment using liquid
chromatography with tandem mass spectrometry (LC-MS/MS). The output of the LC-MS/MS is
the starting point of our pipeline. Liquid chromatography involves elution of the peptides for two
hours in a linear gradient to stratify them based mostly on molecular polarity. As peptides reach
the end of the gradient (this time point marks their "retention time") they are ionized and sprayed
into the first mass spectrometer (MS1) which separates them according to their mass-to-charge
ratio (m/z) (see

Figure 5 top panel). In our case, the first spectrometer selects high-intensity portions of each m/z
window ("data-dependent acquisition") to send for fragmentation. These "precursor" peptides are
fragmented by high-energy collision-induced dissociation (HCD) so that amino acid bonds are
broken (typically one bond is broken per individual peptide). The fragments are sent to the
second mass spectrometer (MS2) where the fragments are separated according to mass-to-charge
ratio (m/z) (see

Figure 5 middle panel). In the end, we have the LC retention time and mass (and m/z) for the
precursor peptides (from MS1) and the mass (and m/z) for the fragment peptides (from MS2) for
each precursor. (Unlike with many protein mass spectrometry analyses, because we start with
short peptides (<20 amino acids) we do not require the use of enzymatic digestion to break up

larger proteins into suitably small peptides.)
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We can predict peptide sequences from LC-MS/MS data using established MS analysis
tools. Sequencing involves assigning a peptide sequence to a MS scan (a peptide-spectrum
prediction, or PSP) that satisfies several constraints: (1) the peptide mass is close to the precursor
mass from MS1 (within some error tolerance window); (2) the fragments from MS2 are
consistent with the precursor peptide sequence and show adequate coverage of possible
fragments (there is also noise to deal with), especially the predicted most likely fragments; and
(3) predicted amino acid masses may include allowed post-translational modifications or
fragmentation modifications. LC-MS/MS cannot distinguish between isoleucine ('I') and leucine
('L') amino acids because they have the same mass. Accordingly, peptide sequence prediction
tools typically predict 'L' for the ambiguous (iso)leucine positions with the understanding that
downstream analysis may be used to disambiguate those positions.

Peptide sequence prediction tools employ one of two approaches. First, tools like
MaxQuant [35, 92] start with the MS data and a reference protein database and compute which
peptides from the database are likely to produce MS scans similar to the experimental scans. For
each scan these tools yield a ranked list of peptide-spectrum matches (PSMs), where scoring is
based on a confidence p-value and the proportion of the predicted peptide's theoretically
expected MS2 fragments that were actually found in the MS2 scan. Second, tools like PepNovo
[93] start with the MS data and for each scan find the best peptide matches out of all possible
peptide sequences (any sequence assembled from the twenty amino acids). For each scan these
tools yield a list of peptide-spectrum predictions (PSPs) ranked according to the overall
confidence of the prediction (a function of p-value), which itself is derived from (typically the

arithmetic mean of) the confidence values for the individual amino acid predictions.
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Figure 5. LC-MS/MS output examples.

(Top) The base peak chromatogram for a MS run shows the retention time and intensity for
precursor ions analyzed by MS1. (Middle) This plot shows the relative intensity and m/z from
MS?2 scan of fragments of precursor ions with a retention time of 80.21 and m/z of 110.07.
(Bottom) This plot shows the predicted fragments for a peptide predicted for this spectrum,
'EEVDLSKDLQHW!', overlayed on the MS2 scan plot. (Top and middle plots produced using R
package 'rawrr' [94]; bottom plot produced using R package 'protViz' [95].)

We opt for the second sequence prediction approach because our search space is far too

large to be accommodated by the database approach (the set of possible peptides including amino
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acid replacements or frameshifts is orders of magnitude larger than the set of possible peptides in
reference proteomes). We divide the task into two steps. First, we use de novo tools to derive
PSPs from our MS data. Second, we search for these predicted peptides in a custom database to
yield the subset of these which are PSMs. This presents us with three challenges: (1) we must
construct the large custom database; (2) we must efficiently search the custom database; and (3)
we must measure and control false-discovery rate in this large search space.

False matches are a concern, especially when we search for a peptide in a very large
database so that random matches are likely. Accordingly we employ a strategy to estimate our
rate of false matches at any given peptide score. Our goal is to estimate for peptides matched at
or above a given score the percentage of those matches that are false positives. This percentage is
the false discovery rate (FDR) at that score and characterizes not any individual match but rather
the collection of matches at or above that score. In our case we employ a more stringent FDR Q
score, which estimates for a given peptide score the maximum FDR for it or any greater peptide
score (in this way the FDR Q score is monotonic whereas the local FDR can increase or decrease
depending on the specific peptide score windows compared).

To compute our false-discovery rate (FDR) we use the widely employed target-decoy
competition (TDC) method [96]. We construct a decoy database of peptides from our reference
or 'target' database and search for peptide-spectrum matches in the combined target-decoy
database. We assume the distribution of scores for PSMs to the target database is a mixture of
scores for false and for true identifications. Under the assumptions that no peptides are found in
both the target and decoy databases (the "no overlap" condition) and that false identifications are

equally likely in both target and decoy databases (the "equal probability" condition), we estimate
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the distribution of false identifications in the target database as the distribution of false

identifications in the decoy database.

Methods

Design

Outline

The pipeline takes as input raw mass spectrometry data (and optionally RNA-seq data) from an
experiment and to identify differentially expressed proteomic and/or MHC-bound neopeptides
derived from frameshift or amino acid replacement events. (MHC is the more general term of
which HLA is the human-specific form. Since we are dealing only with human cells in this
project, we use the two terms interchangeably.) The pipeline includes eight modules, whose
dependencies are shown in Figure 6. In Module 1, we compute peptide-spectrum predictions
using de novo MS sequencing tools applied to our raw MS data. In Module 2, we process the
predicted peptides from Module 1 to produce the peptide sequences used in downstream
modules. In Module 3, we construct peptide databases based on: three reference human
proteomes; cell line-specific somatic mutation calls; common MS contaminant proteins; and
proteins derived from in silico three-frame translation, with and without frameshift events, of a
reference human transcriptome. In Module 4, we search for the query peptides in our peptide
databases to produce peptide-spectrum matches. In Module 5, we use an MHC binding strength
prediction tool to predict the binding strengths of our query peptides to the cell line specific
MHC allotypes. In Module 6, we use the outputs of Modules 4 and 5 to filter our peptide-
spectrum matches and produce an FDR-controlled list of identified peptides. In Module 7,

(optional) we quantify gene expression in each experiment using raw RNA-seq data. Finally, in
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Module 8 we combine the outputs of Modules 4 through 7 to test our hypotheses regarding the
impact of experimental conditions on frameshift events (or in another application, amino acid

replacement events).
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Figure 6. Simple dependency graph for Snakemake modules.

1. Compute Peptide-Spectrum Predictions

We use the open-source Casanovo de novo prediction tool to compute peptide-spectrum
predictions from our raw MS data [97, 98]. This tool predicts a single peptide for each MS2
spectrum and assigns each amino acid in this predicted peptide a confidence score (ranging from
0 to 0.99). We compute the peptide-level average of this confidence score and use this peptide-

level score to rank this peptide-spectrum prediction (PSP).
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2. Process Peptide Queries
In this module we take as input the peptide-spectrum predictions from module 1 and prepare the

predicted peptides for searching against our peptide databases. We process the input peptides
("Peptide MS") in three ways (

Table 3): First, we remove post-translational-modification prediction notation to yield a simple
amino-acid-only peptide sequence for each peptide ("Peptide clean"). Second, we compute the
possible isoleucine-leucine variants for each peptide ("Peptide IL"). Third, we compute the
reverse of each peptide sequence to form the decoy query set ("Peptide TD"). Once we have the
target and decoy peptide sets, we separate the queries by length and sort these length-specific
sets. The Peptide MS sequence predicted by our MS analysis tool can include leucine (L) but not
isoleucine (I) residues as mentioned earlier. Accordingly, for each Peptide simple we compute
each possible Peptide IL that results from one or more L residues in Peptide simple being
replaced by an I residue. For a sequence with » leucines we will add have 2"-1 Peptide IL
variants (not counting the original). Thus for each Peptide simple there is always at least one
Peptide IL sequence that is equivalent to Peptide simple, but there may be others that are not.
The set of Peptide ILs represents all possible actual peptides from the experiment. We use this
set for retention time modeling, MHC-binding prediction, and searching our protein databases
(whether canonical or novel). When we search for Peptide IL queries in the peptide databases, a

match for any Peptide IL derived from a Peptide simple is a match for that Peptide simple.
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Table 3. Example peptide forms.

Peptide MS Peptide clean  Peptide IL Peptide TD
(a) YTDATSKY YTDATSKY  YTDATSKY  YTDATSKY
" " " YKSTADTY
(b) S(+42.01)VDYKKKY  SVDYKKKY SVDYKKKY SVDYKKKY
" " " YKKKYDVS
(¢ SEFEKNKKL SEFEKNKKL SEFEKNKKL SEFEKNKKL
" " " LKKNKEFES
" " SEFEKNKKI  SEFEKNKKI
" " " IKKNKEFES

3. Build Databases
We construct peptide databases from human proteome references and a human transcriptome
reference. To include as many reference proteins as possible in our reference proteome database
[99] we start from the intersection of three publicly available human proteome references:
RefSeq, UnitProt, and Gencode. We also use a common protein contaminants file available from
the MaxQuant website. We use transcript sequences to compute the following protein sequences
for each of three translation frames: (1) the translation product of the entire transcript; (2) the
translation product for each possible +1 frameshift event; and (3) the translation product for each
possible -1 frameshift event. (In principle one could include any translation event perturbation at
this step.)

We adopt a data-partitioning parallelism approach [100] to make our database processing
and searching more efficient. We partition each proteome or peptidome into subsets so that (a)

the union of those subsets is the entire proteome and (b) any given protein is found in exactly one
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partition (the partitioning method is irrelevant so long as those two conditions hold). We then
process each proteome partition into sets of unique fixed-length peptides for lengths 8-14 (

Figure 7).

— unique peptides L=8

unique peptides L=9

unique peptides L=14

Figure 7. Database partition structure.
We built our databases using peptide lengths 8 through 14 but only analyzed peptides of length 9
(by far the most common in HLA peptidomics outputs) for this chapter.

4. Search for Queries in Databases

We employ a two-step search to efficiently search for the queries in the large protein databases.
Each database is divided into partitions and each is searched separately. The first step is the
membership search, which tells us whether a given query peptide is anywhere in the protein
partition. This step is fast. The output is a list of query peptides. The second step is the location
search, which uses a text search to find every location of each query match in the protein
partition. Compared to the first step, for each peptide this search is relatively slow. In practice,
with a large database containing tons of rare events (like our frameshift databases) the majority
of queries are dropped (not found) in the membership search. In our pipeline, we search using the
intersection of all queries from all files (for each letter pair) for efficiency, and then analyze the

individual experiments one by one.
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We use the Bash join function to compute the intersection of the query peptide set and the
database partition peptide set for a given length. Peptides in the intersection are found
somewhere in the database partition, but determining their precise location(s) in the database
partition proteins requires the location search. Peptides found by the membership search to be in
the database partition are located precisely using a string search. The function searches for each
query peptide throughout the entire database partition, returning protein IDs which provide the
peptide source: gene, transcript, event type, and event location. The output from this step is used

only in the final result ranking step.

5. Predict MHC Binding

We use the neural network-based MHC binding prediction tool NetMHC-4.0 [101]. This tool
tools take as input the MHC allotypes of the samples (the cell lines) and the list of peptide
queries and for each predicts the binding strength of each peptide to each MHC allotype (in nM

IC50, also given as an allotype-specific percentile rank, where lower is stronger).

6. Filter Peptide-Spectrum Matches

Here we compute metrics used to filter our PSMs. For each peptide, we compare its predicted
retention time to its actual retention time as reported in the LC-MS/MS output. We predict
retention time using the SSRC function [95] based on the Kyte & Doolittle protein hydropathy
scale [102]. We build a linear model of the form pred RT ~ RT+constant and identify those
peptides whose residual under this model is an outlier. We also compute the Shannon-Weaver

entropy for each peptide sequence for later use.
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7. Quantify RNA expression

We compute gene- and transcript-level expression based on raw RNA-seq data. This information
can be used to filter results in Module 8.

8. Rank candidates and test hypotheses

Here we compare results across all of our samples and test our specific hypotheses. We compute
individual sample-database search FDR Q scores using different filter sets. This step is done

locally using easily customized scripts that run quickly.

Implementation

System setup
The pipeline is set to run on the NIH Biowulf HPC cluster (a linux environment), but can be
adapted to other cluster setups if we change the snakemake syntax for submitting cluster jobs and

the command line syntax for loading outside utility modules.
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Figure 8. Detailed dependency graph for Snakemake modules.
We performed the custom TCGA SKCM transcriptome steps in Module 3 but do not discuss
them in this chapter and did not further analyze those outputs. We performed de novo MS

sequencing in Module 1 using two methods but only discuss the results for the Casanovo tool in
this chapter.

Workflow management

Each of the major steps in the pipeline is carried out using an individual Snakemake script [103].
Snakemake is a workflow management system that: (1) produces a directed acyclic graph from a
set of processing steps based on their inputs and outputs to arrive at an appropriate order of
implementation; (2) creates directories needed for declared output files; (3) manages cluster job
submission and checks for output files; and (4) runs in Bash strict mode so that any errors thrown
during implementation of a rule cause that run to fail (this prevents some errors from slipping

past). Figure 8 shows a directed acyclic graph representing the dependencies of module
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components on one another. If a given module requires as input the output of another module,

then that other module is shown with an arrow pointing to the given (dependent) module.

Typesetting code

In this section we typeset computer code in Andale Mono and indent it from the left. The code
language is given in square brackets in the regular text preceding the indented code (languages
include Bash, Awk, R, and C++). A line of code that is meant to be entered on the command line
shell is preceded by ">>"; code without this precedent is either R or C++ code excerpted from a
larger code file. For command line code we use square brackets to denote an argument that needs
to be specified, e.g. [input.tbl]. Square brackets can mean something else in shell but we
do not use them at all in our command line code so there is no ambiguity in the code and

command lines that follow.

Coding languages

Snakemake scripts [103] are written in a Python-based language (the Snakemake language is a
superset of Python). We do not include Snakemake code in this discussion of the pipeline. We
wrote custom utilities in C++ following the C++11 standard and compiled them on the HPC

cluster using the following command [Bash]:
>> g++ --std=c++11 -o [utility] [utility.cppl]

We use Bash and Awk in the command line. We use the following Bash commands: sort, join,
uniq, cat, we, shuf, and Is. We use simple Awk instructions for text manipulation and two Awk
scripts for file conversions. We use Rscript from R version 4.1 to run R scripts from the

command line.
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Hardware

We designed the pipeline to run on the NIH Biowulf High Performance Computing cluster. We
designed the compute-intensive modules (all except modules 6 and 8) to efficiently use Biowulf
resources by either: combining numerous small, independent tasks into larger groups for job
submission; or partitioning larger jobs into numerous, smaller, independent tasks for job
submission. The former approach avoids overtaxing the Biowulf job allocation system; the latter
approach is a form of data partitioning parallelism [100] and allows us to submit jobs to the
'quick’ partition, which allocates smaller unused portions of compute nodes for relatively short

jobs.

1. Compute Peptide-Spectrum Predictions
We download MS raw data files from the PRIDE EBI database using pridepy
(https://github.com/PRIDE-Archive/pridepy), a python client for the PRIDE Archive Rest API.

To retrieve the raw data files deposited by Bartok et al. (under ID PXD020224) we run [Bash]:

>> module load python/3.7
>> pridepy download-all-raw-files -a PXD020224 -o
/data/crawforddar/transfid_snakemake/PRIDE _EBI files/PXD020224/

To remove the 64-character unique file ID (and a trailing "-" for a total of 65 characters) from
PRIDE files (the rest of the file name is sufficient in this case) we run the following from the raw

data file download directory [Bash]:

for f in *; do mv "$f" "${f:65}"; done

We use ThermoRawFileParser [104], an open source tool that uses an API from Thermo

Scientific to convert their proprietary RAW format to an open format. This gives us metadata

Crawford 49



and the human-readable open format, like MGF, that we can use as input for the de novo

sequencing tool. We run [Bash]:

>> module load mono/5.18.1
>> mono trfp/ThermoRawFileParser.exe -i {input} -b {output} -f 0 \\
-m 1 -c {output_meta}

We download and install Casanovo [97, 98] and built its Conda environment. To test
Casanovo we run a Biowulf interactive session with a k80 GPU node, allocating 10G of local

scratch, 20G of memory, and 14 CPUs:

>> source /data/$USER/conda/etc/profile.d/conda.sh

>> source /data/$USER/conda/etc/profile.d/mamba.sh

>> conda activate casanovo_env

>> sinteractive --gres=gpu:k80:1,1scratch:10 --mem=20g -cl4

We run the following command [Bas#h]:

>> casanovo --mode=denovo --model=casanovo_massivekb.ckpt \\
--peak_path=sample_data/sample_preprocessed spectra.mgf

We use these same system resources and the same commands (except for the "sinteractive"
allocation) to process all of our raw MS files via SLURM jobs submitted through our Snakemake

framework.

2. Process Peptide Queries

We extract from each Casanovo output file the following for each PSP: MS1 and MS2 scan
index numbers; predicted peptide sequence; predicted peptide mass (can deviate slightly from the
mass reported in the raw MS file); and the confidence score for each amino acid in the predicted
sequence. To process the predicted peptide sequence we first use a regular expression in R to
remove any post-translational modification marks from the sequence to produce Peptide simple

consisting solely of amino acid letters [R]:
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psp_dt[,Peptide_simple:=str_replace_all(Peptide MS, "["A-Z]", "")]

For example, in

Table 3 row (b) the substring "(+42.01)" representing a predicted 42 Dalton acetylation is
removed, whereas for rows (a) and (c) no changes are made and Peptide simple is equivalent to

Peptide MS.

Next, we remove spectra that do not have at least one predicted peptide within our length

range of interest, 8 to 14 amino acids [R]:
spectrum_vec = unique(peaks_dt[Peptide length>7 & Peptide length<15,
Spec_id])
psp_slim = psp _dt[Spec_id %in% spectrum_vec,]

For use in later steps, we determine the range of lengths of all predictions for these spectra [R]:

kmin
kmax

min(psp_slim$Peptide length)
max (psp_slim$Peptide length)

Finally, we take the unique set of the simple peptides for further processing [R]:

pep_uniq = list(unique(psp_slim$Peptide simple))

We pass the unique list of Peptide simple as intermediate input to process using our C++
tools to produce isoleucine-leucine variants (Peptide IL). For each Peptide simple we compute
the list of all possible I/L variants, Peptide IL. Since isoleucine (I) and leucine (L) have the same
mass, they are indistinguishable in the MS/MS analysis, and thus Casanovo simply assigns "L"
for this ambiguous position, with the understanding that any 'L' could actually be an 'T' in the
source peptide. To compute all possible L-to-I changes we use a recursive function in a C++

utility, called with [Bash]:
>> build_IL_variants [input_file] [output_file]

The recursive function called for each sequence is as follows [C++]:
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int recursive IL swap(ofstream & the stream, ofstream & the dict,
string original_line, string the_line, int the_position){

auto line_length = the_line.size();
int new_position=the_position + 1;

if(new_position > line_length){

the_stream << the_line << "\n";
the dict << original_line << "\t" << the_line << "\n";

} else{
string current_letter = the_line.substr(the_position, 1);
if( current_letter == "L" ) {
string header = the_line.substr (0, the position);
string tail = the_line.substr(new_position,
line_length-new_position);
string sequence_sub = header + "I" + tail;
recursive_IL swap(the_stream, the_dict,
original_line, sequence_sub, new_position);

}

recursive_IL swap(the_stream, the_dict, original_line,
the line, new_position);

return(0);

Next, we reverse each of our target sequences to produce a decoy search set to
complement our target set (together, Peptide TD) for use in our target-decoy competition
analysis [96] using a C++ utility [Bash]:

>> build_reverse_tbl [target.tbl] [decoy.tbl]

We construct a reverse query set and search for it in our target databases instead of constructing
a reverse (decoy) database and searching for our target queries in the decoy database because the
end results are the same but the former is more computationally efficient (with respect to both
building and storing the decoy set). We use a custom C++ utility instead of a simple R string

reversal function because running the R function for millions of sequences is inefficient.
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We partition the query set by length using a C++ utility [Bash]:
>> partition_kmers_simple [query seqgs.tbl] [kmax] [kmin] [out_dir]
The output files are single-column files listing peptide sequences. We sort each of the single-

length files (sorting is required for later use as input to the Bash join function) [Bash]:

>> sort [unsorted peptides.tbl] > [sorted peptides.tbl]

3. Build Databases

To construct our in silico translated databases for three-frame translations without frameshifts
("noFS" database), with +1 frameshifts ("FSd" database), and with -1 frameshifts ("FSu"
database) we use the Gencode v43 transcriptome based on genome assembly version
GRCh38.p13, downloaded from the Gencode website [105]. We first partition the transcriptome
into sets using the C++ utility "build nt parts graded". This utility first divides the
transcriptome into files by transcript length and then divides each length-specific file into subsets
of a certain size to facilitate our data-partitioning parallelism for our database construction and
database search modules. The transcript lengths and partition sizes (Table 4) were selected based
on several rounds of trial-and-error to ensure that individual jobs would run quickly enough to be

allocated to the 'quick’ partition on Biowulf.

Table 4. Transcriptome partition parameters

Transcript length (nt) Maximum transcripts per partition
0-5000 5,000

5001-10,000 250

10,001-15,000 25

15,001-20,000 5

20,001+ 2
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The partitioning script is run as [Bash]:
>> build_nt_parts_graded [module_dir] [sample_name]

This is run from within the Snakemake module and uses the sample name and module_dir to
build paths for the input file, the intermediate files, and the output files.

To translate each transcriptome partition into three separate protein sets we call the C++
utility "build prot X for stop" using the command line [Bash]:

>> build _prot X for_stop [input_file] [output_tag] [partition_id num]
[kmax]

where 'input file' is a two-column tbl file with transcript label and transcript (nucleotide)
sequence, 'output_tag' is the protein database name (e.g. "Gencode v43"), and 'partition_id num'
is the number of the transcriptome partition used. The script produces three protein.tbl files, one
with proteins for each of three reading frames and without frameshift events; one with one
protein for each of three reading frames and for each possible +1 frameshift event; and one with
one protein for each of three reading frames and for each possible -1 frameshift event.

We perform in silico transcript translation with a C++ utility script that separates the
transcripts into three-nucleotide codons and then for each codon either appends to the translated
peptide sequence either the standard 1-letter code for its amino acid (we use the [IUPAC standard
one-letter amino acid code [106]; e.g. 'C' stands for Cysteine and is coded by "TGT' and '"TGC").
We translate stop codons using three letters not assigned in the IUPAC one-letter code: 'J' for
'"TAA','O' for "TGA', and 'U' for 'TAG'. We translate stop codons as letters for two reasons. First,
if one is interested in readthrough due to nonsense suppression by near-cognate tRNAs [107] or
increased expression of certain tRNAs [108] one can write a script to go through the translation

files and change 'J', 'O’, or 'U' to the common amino acid replacements for these stop codons.
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Second, it allows us to construct a single protein sequence for each nucleotide sequence while
still marking stop sites. In module 6 ("Filter Peptide-Spectrum Matches") we can use location
search results from module 4 to locate the first stop or start codon upstream of a given peptide (to
see if its expression would require stop codon readthrough).

We produce a list of chimeric peptides for each fixed length L using a C++ utility
[Bash]:

>> build_kmers_window [input.tbl] [output.tbl] [L]

For each translated peptide, the utility trims the sequence on either side of the frameshift event
(shown in

Table 5 as a vertical line) for each peptide to length L-1 so that each subpeptide of length L
extracted from this peptide contains at least one amino acid on the lefthand and on the righthand
side sof the frameshift event. A peptide trimmed in this manner has a length of at most 2(L-1)
and includes at most L-1 distinct subpeptides of length L.

Table 5. Extracting chimeric frameshift peptides

(a) ...DEILIRDTFRTYCQERLMPRIL|LANRNEVFHREIISEMGE. ..
(b) DTFRTYCQERLMPRIL|LANRNEVFHREIISEM
(c) DTFRTYCQERLMPRIL|L

TFRTYCQERLMPRIL|LA
FRTYCQERLMPRIL|LAN

RIL|LANRNEVFHREIIS

IL|LANRNEVFHREIISE
L|LANRNEVFHREIISEM

The subpeptides are constructed as follows [C++]:
string line = "";
unordered_map<string, int> kmer_dict;
while(getline(in_stream, 1line)){

istringstream iss(line);

Crawford 55



string aa_full;
string line_label;
string nt_L;

int nt_L_size;
string nt_R;

int nt_R size;
string aa_L;

int aa_L_size;
string aa_R;

int aa_R size;

string aa_left = aa_L;
string aa_right = aa_R;

if(aa_L size > (kmer_length-1)){
int overage = aa_L_size - kmer_length + 1;
aa_left = aa_L.substr(overage);

}

if(aa_R size > (kmer_length-1)){
aa_right = aa_R.substr(0,kmer_length-1);

}

string full_aa
auto line_size

aa_left + aa_right;
full _aa.size();

int start = 0;
int stop = line_size - kmer_length + 1;

while(start < stop){
string current_kmer = full _aa.substr(start, kmer_length);
++kmer_dict[current_kmer];
start++;
}
}

Construct protein databases from proteome

To include as many reference proteins as possible in our reference proteome database [99] we
start from the intersection of three publicly available human proteome references: RefSeq,
UnitProt, and Gencode. We also use a common protein contaminants file available from the
MaxQuant website. We download the reference proteomes in FASTA format and convert them

to tbl files using AWK script [Bash]:

>> awk -f FastaToTbl.awk [fasta file] > [tbl file]
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We then use the C++ utility "build protein_partitions" to split each proteome into four subsets
(We compute the size for each of the four partitions for a proteome with 1003 proteins by

rounding up 1003/4 to 251, so that we get partitions with sizes 251,251,251, and 250) [Bash]:
>> build _prot_parts [input _file] [output file] [partition_size]

We also produce fixed-length peptide files for these partitions, by running the C++ utility
"build kmers_simple" for each length L [Bash]:

>> build_kmers_simple [input.tbl] [output.tbl] [L]
To build overall reference proteome peptide files for each length L we use Bash functions cat,

sort, and unique, then remove any peptides that include stop codon letters 'J', 'O', or "U' [Bash]:

>> cat [sub]/partition_*/kmers [k].tbl > [sub] all kmers_ [k].tbl
>> sort [sub] all kmers [k].tbl > [sub] all kmers [k] SORTED.tbl
>> uniq kmers_[k] SORTED.tbl > kmers_ [k] uniq.tbl

To remove stop codon letters we use the Awk expression '!/J|O|U/', which we can read as "does
not contain any combination of the strings 'J' or 'O' or 'U" " so that lines from our input file are

written to our output file only if they do not contain those letters [Bash]:

>> awk '!/J]0JU/" [sub] kmers [k].tbl > [sub] kmers [k] clean.tbl

4. Search for Queries in Databases
The goal of this step is to determine which of the de novo predicted peptides are found in our
protein search spaces and if so where they are found.

In the membership search we determine the subset of query kmers that are found in the
protein partition's kmer list. The two input files are single-column files with no headers (.tbl
files) containing for some peptide length the query peptides and the database peptides of that
length. We use the Bash join command to compare the first column of the two input files ("-j 1")
and output a file containing every entry in the first column of the query file ("-o 1.1") that is

found in the first column of the db file (it's the intersection of the two peptide sets). The input
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files must both be sorted (this was done in previous steps) and the output file retains the original

ordering from the input files and so is sorted. [Bash]:

>> join -j 1 -o 1.1 query _kmers.tbl db_kmers.tbl > matches.tbl
In practice, the vast majority of query peptides will be absent from any given database partition
and so the output file for this step is orders of magnitude smaller than the input query file.

In the location search we use the C++ utility "search _query in_ref" to find the precise
locations of the peptide queries (matches.tbl) in the full database partition file (proteins.tbl). The
query input file consists of a single column of peptide sequences (matches.tbl). The database
input file consists of a tab-separated two-column file where each row provides a protein label
followed by a protein sequence. The output is a file with two columns: the query peptide and the

protein label for the protein sequence in which the query was found [Bash]:
>> search_query_in_ref matches.tbl proteins.tbl output.tbl

In the search function we load both input files into memory as string vectors, and then iterate
through them, adding any matches to the results file, where match entries include the query
sequence and the reference label (not the reference protein sequence). We build three vectors for
the import [C++]:

vector<string> qg_vector_original;
vector<string> ref_vector_label;
vector<string> ref _vector_seq;

We then iterate over these, so that for each query at position i we test whether it is found
anywhere in the protein sequence at position j and if so, we print to our results file the query
peptide at i and the protein label at position j. First, we search for query in protein sequence and
assign the output to "found"; then we execute the contents of the if-statement if "found" is not

equal to npos (meaning not found at any position, no position, in the string) [C++]:

for(int i = 0; i < query_size; i++){
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for(int j = 0; j < ref_size; j++){

string g_find = gq_vector_originallil;
string ref_search = ref_vector_seqlj];
std::size_t found ref search.find(gq_find);

if ( found != std::string::npos ){

results _stream << g _vector_original[i] << "\t" \\
<< ref_vector_label[j] << "\n";

}

Next, we aggregate the search results for each query set and database across partitions
(one file for the membership searches and one file for the location searches). For the membership
search matches we produce a single-column file with the list of all query peptides found in the

database proteins for both the target and the decoy ('t/d") query sets [Bash]:
>> cat [t/d]l/q_* ref */q_hits.tbl > [out]/hits [db] [event] [t/d].tbl

Since it is possible to have the same query peptide match in multiple protein partitions we sort

and then find the unique set of each aggregate file [Bash]:

>> sort hits_[db] [event] target.tbl > sorted.tbl
>> uniq sorted.tbl > uniqg.tbl

For the location search matches, we produce a two-column file with the list of all query peptides
(first column) and the proteins in which they are found (second column) for both target and

decoy query sets [Bash]:
>> cat [t/d]/ref_*/q _db _seqs.tbl > [out]/locs_[db] [event] [t/d].tbl

Finally, we combine the search results with the de novo PSP files by matching up the

Peptide TD entries in the former with the Peptide simple entries in the latter.
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5. Predict MHC Binding

We predict MHC binding values for our Peptide IL set. First, we take the query set and we run it
through the C++ "build_fasta parts" utility to produce small FASTA files suitable for running
small MHC binding sets on the quick partition. This utility takes as input the n-line single-
column peptide file and produces fasta files with a peptide label line and a peptide sequence line

for each set of 200 of the input peptides [Bash]:
>> build fasta parts [input_tbl] [output dir] [part_size]
Where the FASTA [109] file looks, with the label line starting with >', like:

>peptide_1
YTDATSKY
>peptide 2
SEFEKNKKL
Next we run NetMHC on each fasta partition (using the pvactools suite [110] on Biowulf) using

the sample-specific HLA-1 alleles (2 each for HLA-A, HLA-B, HLA-C) [Bash]:

>> module load pvactools

>> pvacbind run input.fasta MD55A3 "HLA-A*02:05,HLA-A*03:01, \\
HLA-B*07:02,HLA-B*40:32,HLA-C*06:02,HLA-C*07:02" \\
{NetMHC} output _dir -e 8,9,10,11 --n-threads 32 \\
--net-chop-method "cterm" --netmhc-stab

The output file contains the predicted binding strength for each peptide for each HLA allele (in

addition to other data we do not use here).

6. Filter Peptide-Spectrum Matches

To construct our retention time models we match the retention times from the raw MS files to the
PSPs in the de novo sequencing output. Since the LC-MS/MS experiments used a linear gradient
we expect a linear relationship between this RT prediction and the actual RT. We are not
interested in predicting the actual RT, but only in modeling the relationship between Pred RT
and RT so that we can exclude candidate peptides whose Pred RT values are outliers. We use

the index-based SSRC model to predict retention times from amino acid sequences based on
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individual amino acid masses and charges, and a small set of sequence-dependent features [95].

We use the SSRC function from the protViz library [95] [R]:
unique_IL[,Pred RT:=unlist(lapply(Peptide IL TD, ssrc))]

Then, for each experiment and each peptide length we build a linear model [R]:
retention_model = 1m(Pred RT ~ RT, data=temp_dt)

We extract three parameters from the model for later use [R]:

model coeff=retention_model$coefficients
model_slope=model coeff[2]

model intercept=model coeff[1]
model_summary = summary(retention_model)
model_adjrsg = model summary$adj.r.squared

and compute the Pearson correlation between the RT and Pred RT (with one-sided t-test) [R]:
pearson = cor.test(x=temp_ dt$RT, y=temp_dt$Pred RT, method="pearson",
alternative="greater")
pearson_R = pearson$estimate
pearson_p pearson$p.value

The residual for any given Pred RT is the difference between it and the model prediction for its
Acual RT,
residual = Pred_RT — (slope X Actual_RT + intercept)

We remove outliers, defined as having model residuals that are either less than Q1-IRQ*1.5 or
greater than Q3+IQR* 1.5 where IQR is the difference between the first and third quartiles, Q3-
Q1. (We pick these cutoffs because the residuals should be normally distributed.)

To compute our FDR Q scores for each sample-database search we first sort the PSMs by
their PSM score ("AA_ val mean" in the R code) and compute the cumulative ratio of decoy to
target identifications (FDR) starting from the highest PSM score. Next, we run a loop through

the FDR scores to compute the FDR Q scores [R]:

setorderv(process, "AA_val _mean", order=-1)
process[,T_1:=ifelse(TD=="target", 1, 0)]
process[,D _1:=ifelse(TD=="decoy", 1, 0)]
process[,T_unit_score:=sum(T_1), by="AA_val_mean"]
process[,D_unit_score:=sum(D_1), by="AA_val_mean"]
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to_return = unique(process[,.SD,.SDcols=c("AA_val_mean",
"T _unit_score", "D unit_score")])
to_return[,T_score_cum:=cumsum(T_unit_score)]
to_return[,D_score_cum:=cumsum(D_unit_score)]
to_return[,FDR_score:=ifelse(T_score cum==0, 1,

D score _cum/T_score_cum)]

to_return[,FDR _score:=ifelse(FDR_score>1, 1, FDR score)]

g_pile = data.table(AA_val mean=integer (), Q _score=numeric())

for(score in unique(to_return$AA_val mean)){
temp_results = to_return[AA_val_mean>=score,]
Q score = max(temp_results$FDR_score)
the_list = list(score, Q_score)
g_pile = rbind(g_pile, the_list)
}

to_return = merge(to_return, q_pile, by="AA _val _mean")
to_return= unique(to_return[,.SD,.SDcols=c("AA_val_mean",

"Q_score", "FDR_score")])
process = merge(process, to_return, by="AA val_mean")
process[,c("T_unit_score", "D _unit_score", "T_1", "D_1"):=NULL]

7. Quantify RNA Expression
To quantify RNA expression we retrieve the raw RNA-seq data, perform quality control, align
the RNA-seq reads to our transcriptome reference and quantify gene expression. Whereas we run

most steps on Biowulf, we are advised to run the raw RNA-seq file retrieval on Helix [Bash]:

>> module load sratoolkit/3.0.2
>> fasterg-dump -p -t /scratch/$USER SRR5088813

We then use Trimmomatic to remove low-quality read regions and any remaining PCR adapter

sequences [Bash]:

>> module load trimmomatic/0.39

>> java -jar $TRIMMOJAR SE -phred33 -threads 4 {SAMPLE FASTQ FILE}
{SAMPLE_FASTQ QC} ILLUMINACLIP:/usr/local/apps/trimmomatic/Trimmomatic-
0.39/adapters/TruSeq3-SE.fa:2:30:10 LEADING:3 TRAILING:3
SLIDINGWINDOW:4:15 MINLEN:33

We found we lost ~10% of reads using a sliding window of 4:20, 2.5% with 4:15, and 0.01%
with 4:10, so we decided to use 4:15.
Next we use RSEM [111] and STAR [112] to build a genome reference for the Gencode

v43 transcriptome [Bash]:

>> module load STAR/2.7.9a
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>> module load rsem/1.3.3

>> rsem-prepare-reference --gtf gencode.v43.annotation.gtf \\
--star --star-sjdboverhang 85 --num-threads 64 \\
GRCh38.pl13.genome.fa /gencode v43/gencode v43 overhang85/v43

Then we align reads using STAR and quantify gene expression using RSEM [Bash]:

>> module load STAR/2.7.9a

>> module load rsem/1.3.3

>> rsem-calculate-expression --strandedness reverse \\
--num-threads 24 --star --time {SAMPLE qc.fastq} \\
{gencode_v43/overhang85/v43}

Results

Although the pipeline is designed to analyze peptides of different lengths (i.e. those between 8
and 14 amino acids found in HLA peptidomics data), because the vast majority of predicted and
identified peptides were nine amino acids in length we further analyze only peptides of this
length to maximize our chances of filtering out noise and identifying rare events (this is

commonly found to be the most abundant peptide length recovered in HLA-peptidomics studies).

Peptide-spectrum match filters

Retention time models

Most canonical peptide-spectrum matches were modeled well by the retention time (RT) model,
and were unimodally distributed with respect to sequence entropy (Figure 9, top) and PSM score
(Figure 9, middle). In contrast, the RT model outliers were bimodally distributed with respect to
sequence entropy and PSM score. Based on these distributions we selected the entropy value of
2, which approximates the boundary between the two outlier distributions, as a minimum entropy
filter. Likewise, we chose the PSM score value of 0.70, which approximates the boundary

between the two outlier distributions, as a minimum PSM score filter. Across all canonical
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peptide-spectrum matches sequence entropy and PSM score roughly cluster (Figure 9, bottom)

into two groups.

Peptide singleton filter

We found that filtering out predicted peptide sequences that were predicted for only one sample
greatly improved FDR control without greatly reducing the total numbers of confident peptides
identified (see below). Accordingly for each database search we show results with and without

this peptide singleton filter.
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PSM Score

Figure 9. Canonical database retention time models.

Model outlier peptides are bimodally distributed with respect to sequence entropy (top) and
peptide-spectrum match scores (middle). The heatmap (bottom) shows how entropy as a function
of PSM score is also bimodally distributed, with most PSMs having both a high PSM score and a
high sequence entropy. We chose a log2 scale for the heatmap color gradient to better visualize
smaller values. Dotted lines indicate entropy cutoff of 2 (top plot, vertical line; bottom plot,
horizontal line) and PSM score cutoff of 0.7 (middle, vertical line; bottom plot, vertical line).

RNAseq filter

From the four RNA-seq samples (SRR10814112-5) (NT,NT,IFNg,IFNg) for expression above 0
TPM, the union of all four gave 80683 of 252913 transcripts (31.9%) and 21970 of 62703 genes
(35.0%). For expression above 1 TPM, 40715 transcripts (16.1%) and 14123 genes (22.5%).
Filtering peptides by source gene expression (either nonzero or above 1 TPM) or source
transcript expression (either nonzero or above 1 TPM) reduced the total numbers of peptides
examined and the total numbers of confident peptides identified, but had little impact on FDR

control (not shown). Accordingly, we did not use RNA-seq expression as a filter.
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Target vs. Decoy Comparison Metrics

PSM score vs. FDR Q Score
We plot for each analysis the FDR Q score as a function of PSM score for each of the twelve
samples to visualize the impacts of sample condition, PSM filters, and database on FDR control.

We also provide for each analysis a table with counts of target peptides passing FDR Q<=5%.

NetMHC Predicted Binding Strength for Targets vs. Decoys

We plot for each analysis the across-sample distribution of peptide minimum NetMHC binding
score percentiles for target and for decoy PSMs. Since we expect NetMHC binding scores
percentiles for true target peptides to be strong (recall that a lower predicted IC50 and thus a
lower binding score percentile indicates stronger binding) compared to those for decoy peptides
we visualize the impacts of our PSM filters on these distributions using the distribution of scores
for 10E4 randomly selected canonical database peptides (Figure 10) as a basis for comparison. If
our filters are effective we expect filtering to make our peptide score distributions more peaked

and more right-skewed.
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Figure 10. Distribution of top NetMHC percentile score for each of 10E4 randomly selected
peptides of length 9 from the canonical database.

The NetMHC algorithm predicts binding strength between a peptide and a specific HLA-1
receptor (specific to the HLA-A, B, or C allele coding the receptor). The binding strength is
reported in terms of nanomolar IC50, the concentration of peptide required for the copies of the
peptide to be bound to 50% of available HLA receptors. A lower IC50 indicates a stronger
binding strength. The NetMHC percentile score gives the percentile for a given HLA binding
strength when compared to a background distribution of binding strengths for peptides of the
same length binding to HLA receptors of the same allotype. As a matter of convention, a pair
with a predicted binding strength percentile at or below 0.5% is predicted to have "strong
binding", whereas at or below 2% it is predicted to have (at least) "weak binding". The blue
dotted vertical line in the plot is positioned at 2%.

Crawford 67



0.0100
0.0075
g Condition
» ~o~ IFN
& 0.0050 1
NT
g -
T - W
0.0025
0.0000
T T T 1 T T
0.00 0.25 0.50 0.75 1.00
PSM Score
0.0100 !
1
1
1
1
1
0.0075 '
1
1
I ! Condition
o 1
@ ' ~- IFN
G 0.0050 1 T
et ' - NT
1
r . - w
1
1
0.0025 '
1
1
0.0000
1
0.00 0.25 0.50 0.75 1.00
PSM Score
0.0100 !
1
1
1
1
1
0.0075 '
1
1
I ! Condition
o 1
@ ' ~- IFN
G 0.0050 1 T
et ' - NT
1
2 . - w
1
1
0.0025 '
1
1
1
1
0.0000
1
0.00 0.25 0.50 0.75 1.00
PSM Score

Figure 11. FDR Q Score versus PSM score for canonical database searches.

The top plot shows results without the singleton or entropy filters applied. The middle plot shows
results with the singleton filter applied. The bottom plot shows results with both the singleton
and entropy filters applied.
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Canonical peptide database searches

Canonical database searches identified between 1034 and 2853 target peptide spectrum matches
with PSM > 0.7 and passing the FDR Q score cutoff of 5% (Table 6). In fact, the maximum FDR
Q score for these matches across conditions and filters was less than 0.5% (Figure 11). Samples
of the IFNg treatment condition tended to have higher FDR Q scores than samples of the W-
depletion or no treatment conditions. Across sample conditions, FDR Q scores were lowered by
addition of the singleton filter and again lowered by addition of the entropy filter.

In the no-filter condition, the distribution of MHC binding predictions for target PSMs
was more peaked and more positively skewed than the distribution of MHC binding predictions
for decoy PSMs (Figure 12). The decoy distribution is much closer than the target distribution to
the MHC binding score distribution for randomly selected canonical database peptides (Figure
10). Distributions for the singleton filter and singleton plus entropy filter condition are similar
for the target PSMs. However, very few decoy PSMs passed these filters, making their

distributions less informative.

Table 6. Target PSMs passing FDR Q score < 5% for canonical searches by sample and filters.

Filter(s)

Sample None | Singleton Singleton

+ Entropy
NT1 2853 2650 2569
NT2 2732 2601 2531
NT3 1908 1803 1749
NT4 1473 1433 1397
Wi 2635 2543 2463
W2 2743 2608 2526
W3 1601 1533 1491
W4 1685 1585 1544
IFN1 | 2659 2398 2311
IFN2 | 3140 2690 2593
IFN3 1210 1146 1117
IFN4 | 1115 1065 1034

Crawford 69



404
30
g
20 1 =]
2
104
€ o+ I.J.LiLl [ A JI.
>
o
o
4000 4
30004
oy
2000 !
1000 A
04
v v v v v
0 25 50 75 100
NetMHC Percentile
6.
44
o
3
2
] I‘ | I h
S 01
o
o
3000
2000 4 Iy
g
o4
1000
04 N
v v v v v
0 25 50 75 100
NetMHC Percentile
1.004
0.75
g
0.50 3
2
0.25 1
S 0.0+
o
© 30004
20004
g
g
o4
1000 A
04 N
v v v v v
0 25 50 75 100

NetMHC Percentile

Figure 12. Distributions of predicted MHC binding scores for canonical database PSMs.

The top plot shows results without the singleton or entropy filters applied. The middle plot shows
results with the singleton filter applied. The bottom plot shows results with both the singleton
and entropy filters applied.
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Gencode noFS peptide database searches

Gencode noFS database searches identified between 51 and 261 target peptide spectrum matches
with PSM > 0.7 and passing the FDR Q score cutoff of 5% (Error! Reference source not
found.). Samples of the IFNg treatment condition tended to have higher FDR Q scores than
samples of the W-depletion or no treatment conditions. Across sample conditions, FDR Q scores
were lowered by addition of the singleton filter and again lowered by addition of the entropy
filter (Figure 11).

In the no-filter condition the distribution of MHC binding predictions for target PSMs
was more peaked and more positively skewed than the distribution of MHC binding predictions
for decoy PSMs (Figure 14). The decoy distribution is much closer than the target distribution to
the MHC binding score distribution for randomly selected canonical database peptides (Figure
10). Distributions for both target and decoy PSMs became more peaked and positively skewed
with the addition of the singleton filter and to a smaller extent with the addition of the singleton

plus entropy filter.

Table 7. Target PSMs passing FDR Q score < 5% for noFS searches by sample and filters.

Filter(s)
Sample None | Singleton Singleton
+ Entropy
NT1 233 227 210
NT2 194 189 202
NT3 172 169 163
NT4 119 127 133
Wi 286 261 239
W2 259 237 242
W3 172 184 173
W4 192 184 181
IFN1 128 114 137
IFN2 114 96 154
IFN3 55 53 91
IFN4 31 51 66
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Figure 13. FDR Q Score versus PSM score for noFS database searches.

The top plot shows results without the singleton or entropy filters applied. The middle plot shows
results with the singleton filter applied. The bottom plot shows results with both the singleton
and entropy filters applied.
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Figure 14. Distributions of predicted MHC binding scores for Gencode noFS database PSMs.
The top plot shows results without the singleton or entropy filters applied. The middle plot shows
results with the singleton filter applied. The bottom plot shows results with both the singleton
and entropy filters applied.
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Gencode FSud peptide database searches

Gencode FS database searches identified between 0 and 8 FSu and either 0 or 1 FSd target
peptide spectrum matches with PSM > 0.7 and passing the FDR Q score cutoff of 5% (Table 8,
Table 9). Across sample conditions for the FSu events, FDR Q scores were lowered by addition
of the singleton filter and again lowered by addition of the entropy filter (Figure 15). For FSd
events FDR Q scores remained high regardless of filter conditions, with a total of four events
passing the Q score cutoff across the twelve samples.

In the no-filter condition the distribution of MHC binding predictions for target PSMs
was similarly peaked and skewed with respect to the distribution of MHC binding predictions for
decoy PSMs (Figure 14). The no-filter target and decoy distributions are much closer to the
MHC binding score distribution for randomly selected canonical database peptides (Figure 10)
than the filter condition distributions. Distributions for both target and decoy PSMs became
more peaked and positively skewed with the addition of the singleton filter and to a smaller

extent with the addition of the singleton plus entropy filter.
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Figure 15. FDR Q Score versus PSM score for FSud database searches.

The top plot shows results without the singleton or entropy filters applied. The middle plot shows
results with the singleton filter applied. The bottom plot shows results with both the singleton
and entropy filters applied.
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Table 8. Target PSMs passing FDR Q score < 5% for FSu searches by sample and filters.

Filter(s)

Sample None | Singleton Singleton

+ Entropy
NT1 2 2 5
NT2 3 3 3
NT3 1 1 1
NT4 3 3 3
Wi 2 4 4
W2 4 4 4
w3 0 0 6
W4 0 0 8
IFN1 0 0 0
IFN2 1 1 1
IFN3 2 2 2
IFN4 0 2 2

Table 9. Target PSMs passing FDR Q score < 5% for FSd searches by sample and filters.

Filter(s)

Sample None | Singleton Singleton

+ Entropy
NT1 0 0 0
NT2 1 1 1
NT3 0 0 0
NT4 0 0 0
Wi 0 0 0
W2 1 1 1
W3 0 0 1
W4 0 0 0
IFN1 0 0 0
IFN2 1 1 1
IFN3 0 0 0
IFN4 0 0 0

Crawford 76



FSd FSu

20004

1500 A

1000 A

Aooaqg

500 A

Count

2000 4

1500 4

19618)

1000 4

5004

50 75 100 0 25 50 75 100
NetMHC Percentile

[=
nJ
o

FSd FSu

Aooap

10618}

ol R L

0 25 50 75 100 0 25 50 75 100
NetMHC Percentile

FSd FSu

754

501

T L

904

Aoosp

Count

604

N L.

0 25 50 75 100 0 25 50 75 100
NetMHC Percentile

10611}

Figure 16. Distributions of predicted MHC binding scores for frameshift (FSu, upstream; FSd,
downstream) database PSMs.

The top plot shows results without the singleton or entropy filters applied. The middle plot shows
results with the singleton filter applied. The bottom plot shows results with both the singleton
and entropy filters applied.
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Discussion

FDR control and MHC binding enrichment

Our results demonstrate that we can control FDR to some extent for searches of our constructed
databases. As expected, FDR control was best for the canonical database, less effective for the
larger noFS database, and even worse for the even larger FSu and FSd databases. MHC binding
enrichment differences between our target and decoy sets and changes in these enrichments
resulting from additional singleton and entropy filters suggests that with more filters or more

carefully constructed and consequently smaller databases or both we could achieve much better

FDR control.

Frameshifts and motifs
Our analysis identified at total of 39 FSu peptides and 4 FSd peptides across our twelve samples.
There was no clear qualitative pattern with respect to sample conditions, and the confounding
effects of tryptophan depletion or IFNg treatment on levels of overall protein translation in the
cell [87] make it difficult to quantitatively compare the detected events across conditions. None
of the identified frameshift events occurred at a canonical slippery site [90, 89] and only one
event occurred at a tryptophan codon.

Setting aside the different treatment conditions, the greater within-sample abundance of
FSu events compared to FSd events we observe across samples may reflect a biological
difference between the frequencies of FSu and FSd events. If we do not expect many FSd events
to occur at all then we might consider the search for FSd events as a negative within-sample
control for the search for the more common FSu events. In this case the rarity of identified FSd

events compared to identified FSu events lends some credence to our identified FSu events.
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Future directions.

Future iterations could improve the current approach in several ways. First, PSMs could be
assessed not only in terms of sample-level retention time models but also in terms of the
fragmentation coverage for each individual PSM as others have done [86]. Analyzing the number
of predicted cleavage fragments for a peptide that are found in an MS2 scan (

Figure 5, bottom) could help us filter out more low-quality PSMs. (The de novo sequencing
tools explored for the current project do not provide fragmentation coverage analytics in their
outputs, but it is possible that either their deep learning models or other analyzed metrics capture
some of the information represented by a fragmentation coverage metric). Second, the simplistic
in silico translation strategy employed here could be modified to take into account translation
initiation sites, whether the canonical "AUG" or other less common motifs [113]. Likewise, we
could allow for stop-codon readthrough [107]. Peptides resulting from alternative initiation site
usage or stop-codon readthrough or both might be flagged so that the user could analyze this
database separately from other databases. These steps could help reduce the sizes of our
databases. Third, we could compare outputs resulting from multiple de novo MS sequencing
programs or multiple MHC binding prediction programs. Such an approach could allow different
tools to complement each other or at least highlight when one tool clearly outperforms another.
Finally, we could apply the pipeline (not including MHC binding prediction ) to whole
proteomics data. This would be advantageous because whole proteomics outputs have many
more peptide spectra than immunopeptidomics outputs and thus we might have more success in
detecting rare events. The whole proteomics files for the Bartok et al. study from which we

retrieved our immunopeptidomics files have about twenty times more spectra for each sample
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than the immunopeptidomics files. We ran most of the current pipeline for these whole
proteomics files but ran into scaling issues such that we will need to modify several of the

modules to accommodate the increased data magnitude.

Conclusion

We have demonstrated that a large-scale search for aberrant translation event products in
immunoproteomics data is feasible. This allows us to perform transcriptome-wide unbiased
searches such that we can study the downstream effects of translational perturbations without
pre-determining restricted subsets of events for our database. False discovery rate control is
possible for larger and less target-rich databases, but could be greatly improved. We have
identified several additional straightforward features we might add to improve our ability to

confidently identify novel events in proteomics data.
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Chapter 3: Multi-level Gene Expression Survival Analysis for Cancer
Gene-of-Interest Discovery

Introduction

Survival analyses use patient data to identify potential associations between clinical
characteristics and survival time. A popular approach in cancer research to identify genes of
interest for further investigation is to model patient survival as a function of gene expression,
age, and sex. The status quo gene expression metric for these survival analyses is gene-level
RNA-seq expression level. However, the roles of functional changes in splicing isoform
expression can play in cancer biology are increasingly being recognized [13] and some
researchers have published survival analyses using the metric of isoform abundance with the aim
of identifying genes of interest not found when using the metric of gene abundance [19, 20, 21,
22]. In this chapter we analyze bulk RNA-seq data from TCGA melanoma samples using
hierarchical multivariate Cox proportional hazards survival models to examine the predictive
value of multivariate models based on different below-gene-level expression metrics in addition
to subject age and sample purity. We hypothesize that some fitted models using below-gene-
level metrics will identify survival associates not identified by fitted gene-level models, thus

increasing the exploratory reach of gene expression-based cancer survival models.

Gene expression metrics

Our analyses use bulk RNA-seq data pre-processed and quantified at the gene and spliced
isoform levels in transcripts-per-million (TPM) units [114, 115]. We further process this data to

quantify expression in terms of: isoform-to-gene abundance ratio (isoR); alternative splicing
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event percent-spliced-in (PSI); logit-transformed PSI (logitPSI); and splicing event TPM

(eventT).
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—— O30
C—oOoao — i I | (] —/ 00O
oo (I —  I— ]
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(B)
==
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C—OC0  Isoform 1 9 9/16 = 0.56
OO Isoform 2 5 5/16 = 0.31
C—/oO Isoform 3 2 2/16 = 0.13
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Figure 17. mRNA splicing and metrics. The simplified example gene has five exons (colored
rectangles) and three possible isoforms.
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After a protein-coding gene is transcribed to form a pre-mRNA transcript the
spliceosome complex cuts and re-joins exons at splice sites to form an mRNA transcript.
Through splicing a single gene can produce numerous different mRNA isoforms, each including
a different subset of the full gene's sections (Figure 17 shows a simplified example gene). We
can represent the possible splicing events for a gene as a directed acyclic graph with exons as
nodes and splicing junctions as edges (Figure 17B). On this graph forks represent alternative
splicing events. The splicing events producing a given isoform together constitute a single path
through the splicing graph, but some paths on the graph might not correspond to actually
occurring spliced isoforms.

We can use the pre-quantified gene-level TPM (geneT) and isoform-level TPM (isoT)
values to compute our remaining three metrics. These metrics differ from the TPM metrics in
that they are expressed as fractions and so will be undefined if the abundance of the denominator
term is zero. Accordingly, even though a sample will have isoT=0 and geneT=0 for a gene it
does not express, the isoR, PSI, and logitPSI values for its isoforms and splicing events will be
undefined. For a given isoform the isoform ratio (isoR) equals the isoform TPM divided by the
total gene TPM:

isoR = isoT /geneT
where geneT>0 (Figure 17D). Splicing event percent-spliced-in (PSI) is equal to the abundance
of transcripts that include the measured alternative event divided by the total abundance of

transcripts that include either of the alternative events (Figure 17D):

PSI = Z isoTp, /Z isoT

where isoT,, is the abundance of an isoform which includes the measured alternative, isoT is the

abundance of an isoform which includes either of the alternatives in the splicing event, and the
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sample expresses at least one isoform for this event so that ), isoT>0. Splicing annotation
conventions determine which of two alternative splicing options is the measured alternative for a
particular event [116]. For such an event the event TPM (eventT) is simply the denominator used
to calculate PSI, )} isoT. Researchers often use a logistic transformation of PSI to make the
distribution more suitable for models requiring near normally-distributed variables:

logitPSI = log, ((PSI + a)/(1 — PSI + a))
for some base b (we use b=2) and some small positive value a (we use a=0.001). This transforms
the [0,1] bounded PSI values, which often have a J- or U-shaped distribution, so that the logitPSI

are normally distributed [117].

Survival models

We use survival analyses to investigate relationships between data collected at cancer diagnosis
and how long a patient survives. Survival analysis involves statistical methods that account for a
special issue with survival data --- some patients die and for the rest we know the lower limit on
their survival time since they either leave the study before it ends or they survive until at least the

end of the study (this is "right-censored" data).

Patient data

For our survival analysis we use the following patient and sample data from The Cancer Genome
Atlas (TCGA) skin cutaneous melanoma (SKCM) dataset [114]: tumor sample bulk RNA-seq
data quantified in at the gene and splicing isoform levels; tumor type (primary or metastatic); and

patient clinical data including patient sex, age at diagnosis, and time to survival event (where the
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event is either death or leaving the study). We also use tumor sample purity estimates computed

from the sample RNA-seq data [118].

Cox models
We employ standard multivariate Cox proportional hazards models [119, 120, 121]. When we fit
such a model we aim to maximize its likelihood, the probability of observing the data based on
the fitted model parameters. A Cox proportional hazards (Coxph) model is based on a linear
regression of a hazard rate on one or more covariates like gene expression or age. The hazard
rate is the risk of experiencing an event (here, patient death) given that a patient has survived up
to some time ¢. For example, the model

hei = ho - eXp(ﬁage ' agei)
estimates the hazard rate for an individual 7 at time ¢ as the baseline hazard rate h, (estimated
based on survival times but not on any other individual data) multiplied by the natural
exponentiation function of the subject's age multiplied by the model's age regression coefficient
Bage- The model is semi-parametric because although the covariates are assumed to have a
multiplicative effect on the hazard rate, the baseline hazard rate is estimated nonparametrically
(it makes no assumptions about the statistical distribution of survival times). The model assumes
constant proportionality between the hazards of any two individuals over time (such that, for
example, the survival curves for two groups do not cross). A major advantage of the Cox model
is that in addition to regressing over multiple variables it provides effect sizes: the hazard rate
associated with a variable i is ePi, so that if the hazard rate is greater than 1 then increases in the
variable increase the probability of death and if the hazard rate is less than 1 then increases in the

variable decrease the probability of death. In addition to the regressing on quantitative variables,
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our models stratify subjects to take patient sex into account. For stratified models, the fitted
variable coefficients are equivalent for the different classes (male and female) but each class is

assigned its own baseline hazard rate (h).

Comparing models
We assess the predictive power of a Coxph model by comparing its loglikelihood (LL) value to
that of a simpler, null model. When we test a model such as
hei = ho - eXp(ﬁage ) agei)
we compare it to a simpler model, in this case a model where the age coefficient is set to zero
(and thus the age value does not affect the model):
ht; = ho = hg - exp(0 - age;)
We compute the likelihood ratio test (LRT) score,
LRT = =2 X (LLfixea — LLgree)
where the simpler model is 'fixed' because it has a coefficient set to zero that in the more
complex model is 'free' to change according to the value of the variable in question.
When we compare these models using a likelihood ratio test we are asking whether the model
with the fitted value (i.e. the value that was free to fit the data) for the coefficient explains the
data better than the model with the fixed value to an extent not likely by chance. We employ a
Chi-squared test, with one degree of freedom since we have one variable fixed in the simple

model but free in the complex model, to determine this probability from our LRT score.

Published below-gene-level studies

Three recent studies applied survival analysis methods to explore associations between changes

in splicing isoform expression and patient survival in cancer. Zhang et al. applied a univariate
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Cox model (regressing survival on isoform expression level) to TCGA data for thirty-one
cancers [21]. Shen et al. applied a modified univariate Cox model that incorporates information
about expression level uncertainty to study associations between splicing isoform ratios
(specifically, the percent-spliced-in for particular exons) and patient survival in TCGA breast
cancer patients [22]. West et al. performed log-rank survival analyses using empirically
estimated null probabilities on TCGA lung cancer samples [20]. Chang et al. performed
univariate Cox modeling to identify splicing events of interest in TCGA lung adenocarcinoma
samples [19]. Although multivariate regression models taking into account factors like age and
estimated sample purity in addition to expression levels have been used in gene-level survival
analyses [122] to our knowledge this has not yet been published for cancers at the splicing
isoform level.

In summary, our approach is novel in three ways. First, it employs a multivariate Coxph
model, allowing us to compare models with a single expression level to those with two
expression levels (e.g. comparing a model with geneT to a model with geneT+isoT) and to take
into account subject age and sample purity. Second, our analysis compares models with different
below-gene-level metrics: isoR, isoT, and PSI. These features allow us to explore the extent to
which models including below-gene-level metrics with or without gene-level metrics are more
predictive than those including gene-level metrics, and also the how models including one
below-gene-level metric compare with those including a different below-gene-level metric.
Third, to our knowledge this is the first study using the isoR and eventT metrics to study

alternative splicing.
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Methods

Data

Cancer patient data

For our survival analysis inputs we use the following patient and sample data sources: (1) tumor
sample bulk RNA-seq data; (2) patient clinical data; and (3) tumor sample purity estimates. We
use the associated clinical data for this study provided by the UCSC Xena project as well as the
Broad TCGA GDAC Firehose project [123]. We use tumor sample purity estimates from [118].
In addition to the tumor sample RNA expression data and purity estimates we use the following
variables from the patient and sample metadata: patient age at time of biopsy (Age); patient sex
(male or female, Sex); tumor sample type (primary or metastatic); and patient survival time in
days (TIME_TO EVENT), which is coupled with an EVENT variable with the value "0" if the

patient left the study at the given time or the value "1" if the patient died at the given time.

Gene expression

We use RNA-seq expression data from The Cancer Genome Atlas (TCGA) cutaneous melanoma
(SKCM) study [114] for which the UCSC Xena project provides gene- and isoform-level
expression quantification files ("TcgaTargetGtex rsem_gene tpm.gz" and

"TcgaTargetGtex _rsem_isoform tpm.gz" downloaded from the Xena server) [115]. Genes and
isoforms are labeled by their Ensembl unique identifiers, and samples by their unique TCGA
identifiers. Both files give expression as log2(TPM+0.001), which we convert back to TPM. We

study only genes with positive expression in at least 25% of the SKCM samples we use.
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Gene annotation

The TCGA data was quantified using the Gencode version 23 comprehensive (hg38) gene
annotation ("gencode.v23.annotation.gtf.gz" downloaded from the Gencode server) [105]. The
full annotation includes 60,498 genes with 198,619 transcripts isoforms. We use the annotation
"Transcript_type" field to select protein-coding genes ("protein_coding"). This leaves us with

19,645 genes (each with at least one protein-coding transcript) with 143,483 transcript isoforms.

Subject age

We use a custom script to extract age values for each subject from the Firehose metadata files
because the data file does not have a consistent column format (i.e. subject rows with no value
for a column simply skip that column instead of filling it with a blank or "NA" value, such that

the age value is in a different position for different sample rows). We run the following loop [R]:

for(age _cancer in age _cancers){
open_me = paste@("Data/broad/gdac.broadinstitute.org ",age cancer,
".Clinical _Pick Tierl.Level 4.2016012800.0.0/A11 _CDEs.txt")
bob = fread(open_me, header=FALSE)
bob2=transpose(bob)
name = c()
age = c()
found = 0
row_num = 1
while(found<2) {
row = unlist(bob2[[row num]])
if(row[l] == "bcr_patient_barcode") {
name = row[2:length(row)]
found = found+1
Yelse if(row[l] == "age at initial pathologic_diagnosis"){
age = row[2:1length(row)]
found = found+1
}
if(row_num>100) break
row_num = row_num+1l
}
temp_dt = data.table(TCGA _Id=name,Age=age)
master_age = rbind(master_age, temp_dt)

}
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Survival data

We extract the objective survival time (OS) from the TCGA metadata for each subject. This time
is given as days from diagnosis to event (where event is either leaving the study or death) and is
a recommended endpoint for survival analysis of TCGA SKCM subjects (for some cancers,
some of the standard four survival endpoints like objective survival or progression-free survival
may not be appropriate) [124]. In order to avoid tests that are likely to lack sufficient statistical
power, for our survival models we exclude models with expression metrics (isoR, PSI, and
logitPSI) that are not defined for at least ten subjects with death events (EVENT=1) for each
variable in the model [120] (This explains the lower bounds of 30 or 40 events for some of the

model types; see Table 10.)

Tumor sample purity

We use tumor purity estimates from a pan-cancer TCGA tumor purity study (Supplementary
Data 1 "Tumor purity estimates for TCGA samples. Tumor purity estimates according to four
methods and the consensus method for all TCGA samples with available data") [118]. Of the
five purity estimates available (including ESTIMATE, ABSOLUTE, LUMP, IHC, and a
consensus value based on the previous four) we use values from the ESTIMATE method, which
uses expression of immune and stromal genes to estimate the fraction of the bulk sample that is

tumor cells.

Splicing computation

We run SUPPA2 [125, 116] (using Python 3.9.6) to compute percent-spliced-in (PSI) values for
gene expression. We start with a TSV whose columns are Transcript Id followed by samples and

whose rows are TPM values. SUPPA?2 takes as input a file of this structure, but missing the first
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column label. To generate event definitions from our genome annotation file we use the SUPPA2

'generateEvents' function (Bash):

>> python3 suppa.py generateEvents \
--input-file gencode.v23.annotation.gtf \
--output-file gencode v23 events --format ioe \
--event-type SE SS MX RI AF AL A5 A3

Here we specify the output file header, the format we want as output (we want "ioe" which gives
us local events) and the event types to include (SE, Skipping exon; MX, Mutually exclusive
exons; A5, Alternative 5' splice-site; A3 Alternative 3' splice-site; RI, Retained intron; AF,
Alternative first exon; AL, Alternative last exon) [116]. We run the command in its default

"strict boundary" mode. We get as output:

gencode v23 events A3 strict.gtf
gencode v23 events A3 strict.ioe
gencode v23 events A5 strict.gtf
gencode v23 events A5 strict.ioe
gencode v23 events AF strict.gtf
gencode v23 events AF _strict.ioe
gencode v23 events AL strict.gtf
gencode v23 events AL strict.ioe
gencode v23 events MX strict.gtf
gencode v23 events MX strict.ioe
gencode v23 events RI strict.gtf
gencode v23 events RI strict.ioe
gencode v23 events SE strict.gtf
gencode v23 events SE strict.ioe

To quantify an event type 'A3' for a given expression file we use the 'psiPerEvent' command
(Bash):

>> python3 suppa.py psiPerEvent \
-e transcript _TPM suppa.tsv \
-1 gencode v23 events A3 strict.ioe \
-0 suppa_A3

The output we get is "suppa A3.psi", which includes PSI values with a row for every splicing

event and a column for every sample.
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Survival models

We use the R survival package [126, 127] to perform Cox proportional hazards multivariate
regression modeling. We start with a data table with four columns: Sample Id (character);
sample expression (numeric); sample purity (numeric); and subject age (integer). We quantile
normalize the quantitative variables since the Cox method requires that inputs be normally
distributed. We then merge in the survival data: EVENT (binary); TIME TO_EVENT (integer);
and SEX (categorical). For the model equation

hei = ho  exp(Bage - age: + Bpurity - PUTitY; + Bisor * is0T; + Byener * geneT;)
we use the command (R):

sa_output = try(coxph(Surv(TIME TO_EVENT,EVENT) ~ \
isoTPM + geneTPM + purity + Age + strata(SEX), data = SA _norm))

We assess our model using the a “try” function in case the model cannot be adequately assessed
by the coxph function (this might be caused by, for example, insufficient event count,
insufficient variable variance, or inability to find finite coefficient values). If we run this

command using data for transcript GCDH-012 (ENST00000590472.5) the output is:

Call:
coxph(formula = Surv(TIME_TO_EVENT, EVENT) ~ Transcript_TPM +
Gene TPM + ESTIMATE + Age + strata(SEX), data = ranked_SA)

coef exp(coef) se(coef) z p
Transcript _TPM -0.7096 0.4918 0.2354 -3.015 0.00257

Gene_TPM 0.3058 1.3577 0.3204 0.954 0.33991
ESTIMATE 1.3188 3.7389 0.4119 3.201 0.00137
Age 0.7714 2.1628 0.1457 5.295 1.19e-07

Likelihood ratio test=48.74 on 4 df, p=6.616e-10
n= 350, number of events= 186

From this object we can extract our model coefficients (“coef”) and their p-values (“p”) as well

as the model’s initial and final log likelihood (LL) values (R):

tsum = summary(sa_output)
tsum[['loglik'11[[2]]
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which returns the final LL value of -785.0566. We compare this to the simpler model
ht,i =hy- exp(ﬁage rage; + ﬁpurity 'purityi)

with the call (R):

sa_output = try(coxph(Surv(TIME TO_EVENT,EVENT) ~ \

purity + Age + strata(SEX), data = SA_norm))
and get this output:
Call:

coxph(formula = Surv(TIME_TO_ EVENT, EVENT) ~ ESTIMATE + Age +
strata(SEX), data = ranked_ SA)

coef exp(coef) se(coef) z p
ESTIMATE 1.2478 3.4827 0.3935 3.171 0.00152
Age 0.7833 2.1886 0.1467 5.339 9.35e-08

Likelihood ratio test=38.99 on 2 df, p=3.411le-09
n= 350, number of events= 186

Comparing Models

To compute the likelihood ratio test score for these models, we extract the final loglikelihood
value from the simpler model (here, -789.9302) and the more complex model (here, -785.0566)
and use the LRT equation to get the LRT score (here, 9.7472808). To get the Chi-squared p-
value for this LRT score with its degrees of freedom (here, df=2 for the isoT and geneT

variables) we use (R):

pchisq(q=LRT _score, df=2, lower.tail=FALSE)
which returns our p-value (here, p=0.00765). To correct our p-values for multiple tests we use
the Benjamini-Hochberg method [128] via the base R function "p.adjust". For a results table
results_dt we run (R):

pvals = results dt$LRT pval

padj = p,adjust(pvals, method="BH")
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results_dt[,LRT_padj:=padjl

Results

Metadata & sample choices

Before running our survival models we explored the distributions of event and time-to-event
values for two categorical variables to see if we needed to take them into account: subject sex

(male or female); and sample type (primary tumor or metastatic).

Subject sex

Survival times for men and women for either event type are similarly distributed (Figure 18).
We compared survival times for each event type between males and females using a two-sided
Wilcoxon ranksum test and neither result was statistically significant. Nonetheless, large studies
of melanoma patient survival based on US SEER data [129] and on five randomized trials from
the EORTC Melanoma Group [130] find that independent of other factors patient sex has a
significant effect on survival. Accordingly, we stratify our Coxph models by sex so that each sex

has its own baseline hazard rate.

Sample type

Samples in the TCGA SKCM dataset are from either primary tumor or metastatic tissues. For
melanoma patients with available age, purity, and survival data only four (out of 449) had both a
metastatic and a primary tumor sample in the dataset. Of the samples with subject clinical data
available, 350 of 451 (77.6%) are metastatic and 101 are primary (22.4%). Survival times for

metastatic and primary samples for both event types are differently distributed (Figure 19). We
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compared survival times for each event type between metastatic and primary samples using a
two-sided Wilcoxon ranksum test and for both event types primary samples had significantly
lower survival times (p<2.2E-16 for event '0'; p=3.9E-8 for event '1"). Accordingly to avoid
having to further stratify our models we proceeded using only metastatic samples. For the 350
metastatic samples, 130 are female (37.1%), and there are 164 censored events (46.9%) and 186

deaths (53.1%).
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Figure 18. Male and female subjects have similar time-to-event values for both censor events
and death events.

On the lefthand side, histograms show the distribution of event times for female (top row) versus
male (bottom row) subjects for censor events (“0”, lefthand column) and death events (“1”,
righthand column). On the righthand side, boxplots show distributions of event times for female
versus male subjects for censor events (“0”, lefthand panel) and for death events (“1”, righthand
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panel). Results for two-sided Wilcoxon rank sum tests comparing event times are shown in the
plots.
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Figure 19. Subjects with primary tumor samples have significantly shorter time-to-event values
than subjects without primary tumor samples.

On the lefthand side, histograms show the distribution of event times for metastatic (top row)
versus primary (bottom row) tumor samples for censor events (“0”, lefthand column) and death
events (“17, righthand column). On the righthand side, boxplots show distributions of event
times for metastatic versus primary tumor samples for censor events (“0”, lefthand panel) and for
death events (“1”, righthand panel). Results for two-sided Wilcoxon rank sum tests comparing
event times are shown in the plots.
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Simple models for age and purity

Our Coxph models for age and purity show that both variables improve survival models. For our
age model,
hei = ho - eXp(ﬁage ) agei)
the LRT score is significant (Chi-squared test, p=1.45E-7, df=1) and shows that adding age
improves the null model without age. The coefficient for age in this model is positive (0.699,
p=4.36E-8), reflecting an increase in hazard with increased age. For our purity model,
hei = ho - eXp(ﬁpurity ) purityi)
the LRT score is significant (Chi-squared test, p=4.22E-4, df=1) and shows that adding purity
improves the null model without purity. The coefficient for purity in this model is positive
(0.478, p=7.41E-4), reflecting an increase in hazard associated with increased purity.
For our age+purity model,
he; = ho - exp(Bage " age; + Bpurity * PUTILY;)
the LRT score is significant when compared to either the age model (Chi-squared test, p=1.21E-
3, df=1) or the purity model (Chi-squared test, p=4.00E-7, df=1) showing that adding either
purity to the age model or adding age to the purity model improves the simpler model. The
coefficients for age and purity are similar to those seen in the simpler models (age

coefficient=0.673, p=1.39E-7; purity coefficient=0.440, p=1.91E-3).

Survival models with gene expression variables

The results for our eleven multivariate gene expression Coxph model types are given in Table
10. For each model type we give: the number of survival events, the number of tests performed,

the number of tests with LRT p-values significant at FDR<=20%; the number of significant
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results with negative and with positive coefficients for the gene expression variable. For models
with below-gene-level expression variables, in addition to individual model results we
summarize results across below-gene-level models to give gene-level results. For example, if two
IsoT+GeneT models for a gene are significant, that is counted as one significant model at the
gene level. The FDR is not re-calculated for the gene-level summaries and so preserves the
original multiple hypothesis correction from the (more numerous) below-gene-level models
tested. The number of tests for a given model type reflects the number of suitable model inputs
(e.g. whether for a given splicing event there were enough samples with a defined PSI value such
that the number of events met the minimum for test power) as well as the number of those tests

for which the Coxph function could solve the regression model.

Comparing model results coverage

We show the model type results counts and the counts for their unions in Figure 20. The
lefthand bar plot shows the total number of significant test results by model type, in decreasing
order from top to bottom. The righthand "upset" plot shows in the upper bar plot the number of
significant test results found exclusively in each set of model types demarcated in the lower plot,

in decreasing value from left to right.
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Figure 20. Results count for the eleven multivariate gene expression Coxph model types. The
intersections were limited to the 50 with the most members (truncated the RHS of the top
histogram etc.). Plot was built in R using ggplot2 [131] and ggupset [132] packages and
truncated using Inkscape.
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Table 10. Output statistics for the eleven multivariate gene expression Coxph models.

Gene level Below gene level
Model FDR Pos FDR Neg Pos
Event
vents | Tests | 50, | NegCoel | oior | TS | 2904 | Coef | Coef
914 600 314
GeneT | 186\ 143821 c 400y | (65.6%) | (34.4%) |
2060 | 1678 403 2763 | 2298 465
IsoT 1186 1 14376 1 14300y | 81.5%) | (19.6%) | 22211 | 2.1%) | (83.2%) | (16.8%)
37 1385 | 1218 220 1603 | 1382 21
BsoR1 g6 | 193701 (9.60%) | (87.9%) | (15.9%) | 122900 | (12%) | (86.2%) | (13.8%)
30- 83 55 34 103 63 40
PSI 186 | B30 06%) | 663%) | @1%) | 2732 0.1%) | 61.2%) | (38.8%)
. 30- 53 34 21 63 38 25
logitPST | 1o6 | 133311 o400y | (642%) | 39.6%) | 22732 | (0%) | (603%) | (39.7%)
IsoT + 3657 | 3084 1552 90074 | 6072 | 3002
GeneT | 186 [ 183760 05400 | 843%) | 424%) | PPN | (7%) | (66.9%) | (33.1%)
IsoR+ | 41 || 3856 | 3374 1644 | 000y | 9387 | 6320 | 3058
GeneT | 186 (26.8%) | (87.5%) | (42.6%) (12%) | (67.4%) | (32.6%)
PSI+ | 40- 934 678 450 1870 | 1154 716
GeneT | 186 | 392 7o) | 72.6%) | @8.2%) | 13217 | (14%) | (61.7%) | (38.3%)
logitPSI | 40- | | 1037 759 S | aagge | 2184 | 1340 844
+ GeneT | 186 (7.8%) | (732%) | (49.3%) (1.6%) | (61.4%) | (38.6%)
psti+ | 40- | oo nn 777 520 | oo 1870 [ 11s0 720
eventT | 186 8.4%) | (69.9%) | (47.6%) (1.4%) | (61.5%) | (38.5%)
logitPSI | 40- | | 1079 763 515 | aieg| 1860 | 1141 719
feventT | 186 B.1%) | (70.7%) | (47.5%) (1.4%) | (613%) | (38.7%)
Discussion

Single expression level variable models

Out of the five single expression-variable models, the GeneT, IsoT, and IsoR models had many

more significant results at the gene level (914, 2060, and 1385, respectively) than the PSI and

logitPSI models (83 and 53, respectively). In addition, the IsoT and IsoR models had more gene-

level results than the GeneT models, despite the fact that the IsoT and IsoR models involved at
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least nine times as many tests (129911 and 129906 versus 14382) and thus had a greater multiple

hypothesis correction penalty.

Multilevel expression variable models

Out of the six multilevel expression variable model types, IsoT+GeneT and [soR+GeneT had
many more significant results at the gene level (3657 and 3856 results, respectively) than the
PSI+GeneT, logitPSI+GeneT, PSI+EventT, and logitPsi+EventT models (934, 1037, 1111, and

1079 results, respectively).

Comparing model coverage

In Figure 20 we see that the isoR _geneT model type had the most gene-level results not found
by other models (n=583), followed by the combination of isoR _geneT and isoT geneT model
types (n=476). Importantly, only 48 out of the total 4853 genes (0.99%) with significant results
were found exclusively in the geneT model type. Similarly only 151 out of the total 4853 genes
(3.11%) with significant results were found in the union of the six models which include splicing
event (PSI, logitPSI, or eventT) variables but not in the union of the five other models.

The isoR+geneT and isoT+geneT model types are clearly the most predictive. Together
these two model types capture 4603 of the 4853 (94.8%) significant gene-level identifications
(3856 and 3657 individually), and adding to that set the isoT and isoR model results would only
add 50 genes (1.1%) for a total of 95.9% of all gene identifications. There are only 50 genes
(1.1%) that are found by the geneT models but not the isoR+geneT and isoT+geneT model types.

The Venn diagrams in Figure 22 and Figure 21 compare model results. The comparison

of geneT versus geneT+below-gene-level models (Figure 22, lefthand column) and below-gene-
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level models versus below-gene-level+geneT models (Figure 22, righthand column) shows that
the two-level isoR+geneT and isoT+geneT models capture nearly all of the gene identifications
found by the single-variable models using either metric individually. In contrast, PSI and
logitPSI models capture very few identifications not found in the (logit)PSI+geneT models. The
comparison and (logit)PSI versus (logit)PSI+eventT models (Figure 21) shows a similar result
for models using (logitPSI) or eventT or both. We also see in Figure 20 that (logit)PSI+eventT

model types slightly outperform (logit)PSI+geneT model types.

(A) (B)

PSI PSI_eventT logitPSI logitPSI_eventT

Figure 21. Venn diagrams showing significant gene-level results for (A) PSI versus PSI+eventT
models and (B) logitPSI versus logitPSI+eventT models.
Plot was built in R using ggplot2 [131] and ggvenn [133] packages.
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(A) (B)

geneT isoT_geneT isoT isoT_geneT

2805 87 1973 1684

(75.4%) (2.3%) (652.7%) | (45.0%)

(©) (D)

geneT isoR_geneT isoR isoR_geneT

(E) (F)
geneT PSI_geneT PSI PSI_geneT

543 81
(36.8%) (8.7%)

(G) (H)
geneT logitPSI_geneT logitPSI logitPSI_geneT

985
(94.9%)

Figure 22. Venn diagrams showing significant gene-level results for single- versus multi-level
Coxph models.

The lefthand column compares geneT models to geneT+below-gene-level models. The righthand
column compares below-gene-level models to geneT+below-gene-level models. Plot was built in
R using ggplot2 [131] and ggvenn [133] packages.
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Case study: GCDH splice variants

The association between glutaryl-CoA dehydrogenase (GCDH) splicing isoform expression and
patient survival provides a good case study to illustrate the utility of multilevel expression
models. In an earlier version of this project we aimed to identify protein-coding genes whose
gene-level expression was not associated with survival in melanoma but whose isoform-level
expression was. We focused on genes for which one isoform was positively associated with
survival and another isoform was negatively associated with survival. We thought this would
provide more evidence for the gene's survival relevance than a single isoform result and the
structural differences between the two isoforms might provide some insight into the role this
gene might play in melanoma survival (e.g. a canonical versus a truncated or "short" isoform).
We highlighted two groups of genes from our survival analysis. First, those sixteen with
one significant hazardous isoform, and one significant helpful isoform, of which four had
hazardous canonicals (APOOL, BABAMI1, GCDH, and TMEM?228). Second, those six involved
in glutamate metabolism of which two had hazardous short isoforms (HAL, FPGS), two had
helpful short isoforms (GLS, ALDH5A1), and two had helpful canonical isoforms (GADI,
GCLM). Our experimental collaborators tested the six glutamate genes, two of the bivalent genes
(BABAM1, GCDH), and three other hazardous genes, two with hazardous short isoforms (GPS1,
OTUDG6B) and one with a hazardous canonical isoform (OTUDG6B). Of these ten, the only gene
whose si-RNA reduced melanoma growth (A375) was GCDH. Follow-up experimental work
found the that si-RNA treatment against GCDH reduced cell viability for two other melanoma
cell lines (UACC908, 1205LU) but not for liver (SK-HEP1, PLC), breast (SKBR3, MCF7) or
prostate (DU145, PC3) cell lines [134]. Our collaborators found that GCDH knockdown

increases the supply of glutaryl-CoA, which facilitates glutarylation of NRF2, increasing the
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stability and DNA binding activity of NRF2 and leading to upregulation of cell death pathways.
In mouse models, in vivo GCDH knockdown inhibited melanoma growth. Our collaborators are
currently developing GCDH-targeting small molecules for potential use in human cancer
treatment.

Table 11 provides results from the current analysis for GCDH models (the earlier
analysis involved only geneT and isoT+geneT models). We can see that only models including
below-gene-level variables identified GCDH as significantly affecting survival, and only the
isoT+geneT model type identified both a hazardous isoform (GCDH-002) and a helpful isoform

(GCDH-012).

Table 11. Select fitted Coxph model outputs for GCDH gene expression variables.
There were 186 events for each model.

Model Id Type Feature Name Coxph Coef | Coxph Pr | LRT padj
Passing FDR<=20%
isoT Transcript Id | GCDH-012 -0.62 | 3.70E-03 1.90E-01
isoT+ geneT Transcript Id | GCDH-012 -0.71 2.57E-03 1.68E-01
isoT + geneT Transcript Id | GCDH-002 1.36 | 5.97E-04 1.19E-01
isoR + geneT Transcript Id | GCDH-012 -0.74 | 3.40E-03 1.81E-01
Not passing FDR<=20%

geneT Gene Id GCDH 0.14 | 6.08E-01 8.50E-01
isoT Transcript Id | GCDH-002 0.58 | 6.22E-02 4.29E-01
isoR Transcript Id | GCDH-012 -0.68 | 4.51E-03 2.18E-01
isoR Transcript Id | GCDH-002 0.30 | 3.10E-02 3.60E-01
isoR + geneT Transcript Id | GCDH-002 0.33 2.87E-02 3.57E-01
PSI Event Id AL: GDCH-012, GCDH-002 -0.62 | 4.46E-03 3.64E-01
logitPSI Event Id AL: GDCH-012, GCDH-002 -0.61 | 4.46E-03 3.63E-01
PSI + eventT Event Id AL: GDCH-012, GCDH-002 -0.63 | 9.20E-03 2.26E-01
logitPSI + eventT | Event Id AL: GDCH-012, GCDH-002 -0.63 | 9.20E-03 2.27E-01
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Conclusion

We have shown for the TCGA metastatic melanoma dataset that adding below-gene-level RNA-
seq metrics to multivariate Cox models greatly increases the detected associations. In addition
we have demonstrated the utility of analyzing below-gene-level expression using the isoR and
eventT metrics. These metrics show promise for helping us better capture splicing dynamics in

our multivariate survival models.
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Chapter 4: Heteroformity and Entropy as Measures of Splicing Diversity

Introduction

The differential expression of spliced isoforms in human tissues varies by tissue type and gene
[135] and may play important roles in cancer biology [13, 14]. The extent to which these splicing
differences result from functional regulatory [7, 8, 9] versus stochastic mechanisms [10, 11, 12]
is a subject of lively debate. Our aim in this chapter is not to weigh in on these issues but rather
to explore how diversity measures adapted from population genetics and population ecology
might help us measure and compare splicing diversity. We hope the discussion here will provide
some useful metrics and ideas for discussing questions like "How much alternative splicing is
there in stomach as opposed to testes cells?" or "How much does alternative splicing increase

under this new condition?"

Metrics

We focus on three related diversity indices: count, Shannon-Weaver entropy, and the Gini-
Simpson index. This section is based largely on Jost's treatment of entropy and diversity in

population ecology [136] and Nei's treatment of diversity in population genetics [137].

Indices
The first index, species richness (species count), is given in terms of abundance:
‘I'=n

where a region has n species. In our splicing case, we take “I where a gene has # isoforms.
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The second index, Shannon-Weaver entropy, is given in terms of information:

nj
1= _Zpi logp;
i=1

where p; is the relative abundance (count over total) of species i in a region. In our case, we take
ST where for a gene with n isoforms, p; is the relative abundance of isoform i, given by p; =
ti/Z};l tj, for isoforms i, i = (1,2,...,n), with transcript counts t;, and where p; log p; is taken
to be equal to zero when p; = 0.

The third index is the Gini-Simpson index, given in terms of probability:

where p; is the relative abundance (count over total) of species i in a region. For Simpson (1949),
the term Y, p;2 (above) "can be simply interpreted as the probability that two individuals chosen
at random and independently from the population will be found to belong to the same group
[within that population]" [138]. For Nei, 1 — Y, p;? gives gene diversity for a population [137];
under panmixis, the sum might be called homozygosity and 1 minus the sum heterozygosity. In
our case, we take "I where p; is the relative abundance of isoform i (and so forth), as with
Shannon-Weaver entropy. Thus, we interpret 1 — Y. p;? as the probability that for a given gene
two independent transcript selections correspond to different isoforms. We call this measure

heteroformity (it is the gene:isoform analogue of heterozygosity).

Diversities

The three indices are in fact closely related to different orders of the Hill equation [139, 136]:
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n 1/(1-q)
‘D= (Z Piq>
i=1

These Hill diversities are given in common units, the effective number of species (for us, the
effective number of isoforms), and provide equivalence classes: the number of equally abundant
species (isoforms) resulting in the same diversity (heteroformity). Thus, whereas it is not clear
how to quantitatively compare indices (e.g. information units of entropy and probability units of
heteroformity), Hill diversities allow a direct, intuitive comparison. The major difference
between the three measures is how much weight they give to rarer or more common types. To
visualize how heteroformity and entropy values are related we plot their respective maximum
values across a range of splicing scenarios holding either the count of the less frequent ("minor")
isoforms constant (Figure 23, top) or the frequency of the more frequent ("major") isoform
constant (Figure 23, bottom).

The 0™-order Hill number is species richness (here the index is equivalent to the

diversity),

n 1/(1-0)
0D:(2P#’> =n= ‘I
i=1

The 1%-order Hill number is undefined, but its limit exists and equals the exponential of

Shannon-Weaver entropy,

n
'D = exp (—zm lnpi> = exp( °I)

i=1
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Figure 23. Maximum heteroformity and entropy values for genes with fixed major isoform
frequencies or fixed minor isoform counts.

For a gene with major isoform frequency f;,, each of n,, minor isoforms has frequency f,, =
(1 — fu)/ny where 10 X (1 — fy) < n,, < 20. The lower bound on n,, is such that fy; < f;,;
the upper bound on n,, is arbitrary. The clines each have a constant n,,, (top) or a constant fy,
(bottom). Plot made using knitr [140]
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The 2nd-order Hill number equals 1/ (1 - ) , or the inverse of the probability of two

independent transcript selections corresponding to the same isoform,

D = 1/(2 pi2> =1/(1-"1)

Comparative Diversity

We can also apply measures to compare diversity between populations. Following Nei [137], we

have gene identity J; and gene diversity H; for population i:

Ji= Zfikz
K
H; =1 _Zfikz

k

where 0 < J; < 1 and 0 < H; < 1. For gene identity between subpopulations J;; and gene

diversity between subpopulations H;;:

Here we address the probability of two individuals each picked at random and independently
from separate groups are of the same type. In our splicing case we could refer to the
heteroformity analogue of H;; as comparative heteroformity as it compares two groups by

drawing a sample from each.
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Nei [137] defines gene diversity between populations as
=i +J;)/2 =1

and he goes on to show that

:Z(flk f]k) /2
k

which he describes elsewhere as a measure of genetic distance between two populations. In the
case of splicing we could refer to the heteroformity analogue of Nei's D;; as differential
heteroformity.

In the case of entropy, we can use comparative information measures. Jensen-Shannon
Divergence provides a symmetrical measure of entropy distance between two populations P and

O where, using log base 2, 0 < JSD(P || Q) < 1:

JSD(P 11 Q) = %DKL(P I M) + %DKL(Q I M)
where M = (P + Q)/2. This has the advantage over Kullback-Leibler divergence of being
defined when Q (i) = 0 does not imply P (i) = 0. (Kullback-Leibler divergence is defined only if
for all i, Q(i) = 0 implies P(i) = 0 (absolute continuity); when P(i) = 0, the ith term

contributes zero because lir%(x logx) = 0:
X—

D (P11 Q) = ZP(l)log 08
Q)
ZP(L)log 0

Crawford 112



Methods

We analyzed two datasets. First, we computed heteroformity and entropy values for genes
expressed in GTEx v8 normal human tissue samples [47]. We used this data to explore
differential splicing of single genes and across all genes between different tissues. Second, our
collaborators at Carnegie Mellon University subsampled raw RNA-seq data for five TCGA lung
adenocarcinoma samples and provided us with processed isoform-level expression data for
samples containing 10%, 20%, 50%, and 100% of their original raw reads. We used this data to
explore how the accuracy of heteroformity and entropy measures for subsampled isoform results
when compared to the full sample isoform results are affected by the diversity and expression

levels of the genes in question.

Results & Discussion

Visualizing heteroformity

In this section we focus on heteroformity rather than on entropy because we find the bounds of
heteroformity [0,1) and heteroformity's probabilistic interpretation more intuitive than the same
for entropy. For a given gene, we can compare its heteroformity across tissues (Figure 24,
bottom) much like we would compare its abundance across tissues (Figure 24, top). In Figure
24 we compare these values for the gene NR3C1 (chosen because it has widely varying values
for these measures across tissues) across 30 GTEx tissues. We can see that in this case the
across-tissue patterns of these metrics for NR3C1 differ greatly from one another. For example,
we could say that for this gene expression is relatively high in brain subtissues compared to other
tissues, whereas for this gene heteroformity is relatively low for most of the brain subtissues

compared to other tissues.
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Figure 24. Distributions for gene NR3C1 of gene heteroformity (top) and gene TPM (bottom)
for 30 GTEXx tissues.

Boxplots are bounded by the first and third quartiles, with the mean value in the middle.
Whiskers represent 1.5*IQR (interquartile range) on either end of boxes. Individual points
indicate single sample values. Plots made using ggplot2 [131].
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Figure 25. Comparison of sample heteroformity values as a function of cumulative TPM for

GTEXx testis (n=322, blue) and GTEx stomach (n=324, red) datasets.
Plot made using ggplot2 [131].

We can also express splicing heteroformity across genes for a sample as the area under
the curve (AUC) for the sample's cumulative splicing curve. In this across-gene approach we
weight a gene's heteroformity by that gene's relative abundance. In Figure 25 we show the
cumulative heteroformity curves for GTEx testes (n=322) and stomach (n=324) samples. We can
see that testes samples tend to have higher and less variable cumulative heteroformity values

than stomach samples. We visualize the tissue-level distributions of sample cumulative
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heteroformity values for 30 GTEx tissues in Figure 27. Here we can see for example that
cumulative heteroformity is lowest in GTEx heart samples and highest in GTEx ovary samples.
We visualize tissue-level average cumulative heteroformity curves (averaged by gene across

samples within a tissue for 30 GTEx tissues in Figure 26.
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=== GTEX Adipose Tissue === GTEX Breast === GTEX Kidney == GTEX Pancreas == GTEX Spleen
=== GTEX Adrenal Gland === GTEX Cervix Uteri === GTEX Liver == GTEX Pituitary === GTEX Stomach
T === GTEX Bladder === GTEX Colon === GTEX Lung = GTEX Prostate == GTEX Testis
Issue

=== GTEX Blood === GTEX Esophagus === GTEX Muscle == GTEX Salivary Gland == GTEX Thyroid
=== GTEX Blood Vessel === GTEX Fallopian Tube === GTEX Nerve === GTEX Skin === GTEX Uterus
=== GTEX Brain === GTEX Heart === GTEX Ovary === GTEX Small Intestine == GTEX Vagina

Figure 26. Tissue-level average (gene averages across samples within a tissue) heteroformity
curves for 30 GTEx tissues.

Plot made using ggplot2 [131].
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Figure 27. Sample heteroformity curve AUCs for 30 GTEX tissues.
Plot made using ggplot2 [131].

Heteroformity and entropy errors and subsampling

In Figure 29 we compare the relative sensitivity of heteroformity and entropy to subsampling at
the gene level as a function of gene abundance and gene diversity in our TCGA lung cancer data.
(The results are similar when using either heteroformity or entropy as the diversity measure.) For
each gene abundance quartile and gene diversity quartile we compare for each gene the across-
sample average error of heteroformity and entropy measures at the 10% subsampling level. We
measure error in terms of the subsampled data value's difference from full sample data value

using the coefficient of variation,

CV =

=l9q
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where o is the standard deviation and u is the arithmetic mean of the differences between the
subsampled values and the full values. In Figure 29 we plot the difference for each gene
between the CV for heteroformity and the CV for entropy. Accordingly, when the distribution is
shifted left of center the entropy measure errors are relatively greater and when the distribution is
shifted right of center the heteroformity measure errors are relatively greater. In general, we see
that heteroformity errors are greater for genes with lower diversity whereas entropy errors are
greater for genes with higher diversity. We also observe that the relative error distributions
become more peaked in higher gene abundance quartiles. As we might expect, the distributions
of relative errors across diversity quantiles become taller and narrower as gene abundance
increases.

In Figure 28 we compare relative measure errors between heteroformity and entropy for
as a function of the level of RNA-seq read subsampling (rows, for 10%, 20%, and 50%
subsampling) and either the number of gene transcripts expressed in the full RNA-seq data
(columns, top plot) or gene heteroformity in the full RNA-seq data (columns, bottom pot).
Across both gene transcript count quintiles and gene heteroformity quintiles, as these values
increase heteroformity error decreases and entropy error increases. As we might expect, the

distributions of relative errors become taller and narrower as the subsampling level increases.
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Figure 28. Gene-level counts (y-axis) for across-sample average differences between
coefficients of variation for heteroformity and entropy (x-axis) as a function of the level of RNA-
seq read subsampling (rows) and the number of gene transcripts expressed in the full RNA-seq
data (columns, top), gene entropy in the full RNA-seq data (columns, middle), or gene
heteroformity in the full RNA-seq data (columns, bottom) for our lung cancer samples.

Plots made using ggplot2 [131].
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Figure 29. Average differences between gene heteroformity coefficients of variation and gene
entropy coefficients of variation for subsampled (20%) LUAD RNA-seq data as a function of
gene TPM quartile (columns) and average heteroformity quartile (rows).
Positive values (to the right of the black line) indicate more variation in heteroformity estimates
than in entropy estimates. Negative values (to the left of the black line) indicate more variation in
entropy estimates than in heteroformity estimates. Distributions using average entropy quartiles
for the rows are similar (not shown). Plot made using ggplot2 [131].
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Conclusion

In our brief exposition we have seen that splicing diversity can be compared visually across
samples or tissues for individual genes or for the entire transcriptome using gene heteroformity
or cumulative splicing heteroformity.

We have also seen that whereas both heteroformity and entropy can be used to measure
splicing diversity, their relative accuracy varies depending on the gene being measured. Gene
heteroformity is less sensitive to sampling error (represented via our subsampling process) for
genes with high expressed transcript counts or high splicing diversities. Conversely, splicing
entropy is less sensitive to sampling error for genes with low expressed transcript counts or low

splicing diversities. Errors for both measures decrease as gene abundance increases.
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Chapter 5: Discussion

The projects discussed here have demonstrated the breadth of applications of next-generation
sequencing data and novel computational techniques in addressing cancer research questions.
Future research will benefit from many large-scale projects that continue to expand available
"big data" for computational analyses [141]. In particular, more comprehensive long-read RNA-
seq datasets will help researchers better refine transcript-level analyses and better understand the

dynamics and impacts of mRNA splicing [142].

Sex bias in disease incidence

In Chapter 1 we found a surprising overall positive correlation between cancer and AID
incidence rate sex biases across many different human tissues. Among key factors that have been
previously associated with sex bias in either AID or cancer incidence, we found that the sex bias
in the expression of mitochondrially encoded genes (and possibly in the expression of a few
immune pathways) stands out as a key factor whose aggregate level across human tissues is quite
strongly associated with these incidence rate sex biases. Our findings thus call for further
mechanistic studies on the role of mitochondrial gene expression in determining cancer and AID
incidence and their incidence rate sex biases. In addition to mechanistic studies, it may be
possible for computational studies to build on our work as more computational strategies are
devised or more sequencing data becomes available. For example, we attempted to use the
Mitocalc program to estimate mitochondrial genome abundance in healthy tissues based on
whole genome sequencing data [143] but were unable to find enough healthy tissue data to

compare male and female samples for our tissues of interest.
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Identifying translation perturbation-derived neopeptides

In Chapter 2, we demonstrated that a large-scale search for aberrant translation event products in
immunoproteomics data is feasible. This allows us to perform transcriptome-wide unbiased
searches such that we can study the downstream effects of translational perturbations without
pre-determining restricted subsets of events for our database. False discovery rate control is
possible for larger and less target-rich databases, but could be greatly improved.

We have identified several additional straightforward features we might add to improve
our ability to confidently identify novel events in proteomics data. First, an explicit
fragmentation coverage metric for individual PSMs could allow us to better filter out low-quality
PSMs. Second, in steps where we use outside tools such as de novo MS sequencers of MHC
binding predictors we could compare results from multiple programs. This might allow different
tools to complement each other or at least highlight when one tool clearly outperforms another.
Third, we could apply the pipeline (not including MHC binding prediction ) to whole proteomics
data. This would be advantageous because whole proteomics outputs have many more peptide
spectra than immunopeptidomics outputs and thus we might have more success in detecting rare
events. The whole proteomics files for the Bartok et al. study from which we retrieved our
immunopeptidomics files have about twenty times more spectra for each sample than the
immunopeptidomics files. We ran most of the current pipeline for these whole proteomics files
but ran into scaling issues such that we will need to modify several of the modules to
accommodate the increased data magnitude. Future work could include necessary code rewrites
to allow us to analyze both HLA peptidomics and whole proteomics data from the same studies.

Finally, we could modify our simplistic in silico translation strategy to take into account more

Crawford 123



transcript features such as translation initiation sites (whether canonical or less common motifs),
potential stop-codon readthrough, or transcript type (e.g. protein-coding versus unprocessed).
This last step could benefit greatly from improved transcriptome annotations and more
comprehensive RNA-seq datasets that would allow for more targeted and more accurate in silico

translation.

Below-gene-level survival models

In Chapter 3 we found for the TCGA metastatic melanoma dataset that adding below-gene-level
RNA-seq metrics such as isoR and isoT to multivariate Cox models greatly increases the number
detected associations between tumor gene expression and patient survival. That below-gene-level
models outperformed status quo gene-level models despite being more numerous (and thus
facing a greater multiple hypothesis test correction penalty) suggests below-gene-level metrics
are a rich source of information for survival analyses. In addition to the specific predictions for
metastatic melanoma produced in our analyses we also demonstrated that the novel isoform ratio
(isoR) and event TPM (eventT) outperform their close counterparts (isoform TPM and gene
TPM, respectively) and so may be useful in future mRNA splicing analyses. We suspect that
repeating our Chapter 3 analyses using TCGA datasets for different cancer types will be

similarly informative.

mRNA splicing diversity

In Chapter 4 we introduced applications of diversity metrics from population ecology and
population genetics to mRNA splicing data and showed that heteroformity is more robust to

RNA-seq data depth than entropy when analyzing high splicing diversity genes. Future
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applications for this work include many kinds of splicing diversity analysis, from comparing
splicing changes in single genes across conditions to comparing transcriptome-wide splicing

diversity changes resulting from perturbation of cellular mRNA splicing machinery.
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