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ABSTRACT

Lung cancer leads global cancer mortality. Much of North America now employs next-
generation sequencing (NGS) for patient cancer mutational profiling. This approach
identifies driver mutations, typically non-synonymous somatic alterations altering protein
coding. Recent findings suggest clinical relevance of synonymous mutations, traditionally
disregarded for not altering protein sequences. Yet, their prevalence and clinical
implications remain underexplored. This study analyzes genomic data and clinical
outcomes for non-squamous non-small cell lung cancer patients sequenced at the Saint
John Regional Hospital in New Brunswick. Canada from January 2019 to January 2023.
Nine possibly pathogenic synonymous variants are identified. Additionally, the clinical
variant distribution and impact of an expanded gene panel are explored. This research
underscores the potential significance of synonymous mutations in cancer and expands

on the current knowledge base.
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1.0 Introduction

1.1 Prevalence, risk factors, & pathology of lung cancer

With an estimated 1.76 million deaths per year lung cancer is the leading cause of
cancer-related deaths worldwide (Thai et al., 2021). In Canada, lung cancer is the most
common cancer, and by far the leading killer of all cancers. Lung cancer kills more than
20,000 Canadians each year, more than breast, prostate, and colon cancer combined. The
five-year survival rate for all lung cancers is 22%. For context, prostate, breast, and
colorectal cancer — the next most common cancers — all have 5-year survival rate greater
than 50%. The Atlantic provinces generally have higher incidence and mortality rates for
lung cancer compared to the rest of the Canadian provinces (Canadian Cancer Statistics

Advisory Committee et al., 2023).

Lung cancer is traditionally divided into two broad categories: small cell lung
cancer (SCLC) and non-small cell lung cancer (NSCLC). This classification is determined
based on the histology of the tumour (Hayashi & Inomata, 2022). Accounting for 85% of
all lung cancers, NSCLC is the more prevalent of the two subtypes (Padinharayil et al.,
2023). There are three main subtypes within NSCLC: adenocarcinoma, squamous cell
carcinoma, and large cell carcinoma. Adenocarcinoma is the most prevalent accounting

for 40% of all lung cancers (Travis et al., 2015).

Regardless of the cancer subtype, staging — the process of classifying the extent of

the cancer within the body — is typically completed. Staging for NSCLC is done with

1



reference to the tumour, node, and metastasis (TNM) staging system developed by the
American Joint Committee on Cancer and approved by the International Association for
the Study of Lung Cancer. The size of the primary tumour (T), the spread of the tumour to
regional lymph nodes (N), and the presence of distant metastasis (M) all determine the
stage of the cancer, which ranges from IA to IVB (Rami-Porta et al., 2017). Outcomes for
NSCLC are correlated with the stage of disease at diagnosis with more advanced stages
having lower survival rates. Lung cancer 5-year survival rates can range from 62% at stage
| to 3% at stage IV (Canadian Cancer Statistics Advisory Committee, 2021; Ellison & Saint-

Jacques, 2023).

Most patients will be diagnosed with lung cancer once it is already in the advanced
stages when the prognosis is poorer. Cough, hemoptysis, chest pain, and dyspnea are
some common symptoms that patients may present with prior to diagnosis at which point
the patient may be referred for imaging (Hamilton et al., 2005). Unfortunately, these
symptoms are also commonly encountered with other illnesses, making early diagnosis
challenging. Currently, low-dose CT is recommended for lung cancer screening in high-risk
populations defined as persons who are 55 to 74 years of age with a minimum smoking
history of 30 pack-years or more (pack-years = number of cigarette packs smoked per day
x the number of years smoked), who currently smoke, or have quit in the past 15 years
and are disease-free at the time of screening (Canadian Task Force on Preventive Health

Care, 2016). If abnormalities are found in imaging studies a biopsy or cytology sample is



usually obtained for further investigations, classification, and treatment decisions

(Planchard et al., 2018)

Length of survival is highly variable and variables such as a patient's tumour
genome and available treatments can have a significant impact. For example, the presence
of mutation in the Anaplastic Lymphoma Kinase (ALK) or Epidermal Growth Factor
Receptor (EGFR) genes have a positive impact on survival time for patients with stage IV
disease (Jeon et al., 2023). Immunotherapy, such as immune checkpoint inhibitors, can
significantly increase survival depending on the patient's mutational status (De Mello et
al., 2021). For example, patients with EGFR mutant NSCLC gain minimal benefit from
immunotherapies (Shi et al., 2022). Patients with early-stage disease and who can tolerate
surgery typically have the tumour resected. Some of these patients may require no further
interventions and surgery is curative. Patients with early-stage NSCLC at high risk of
recurrence are typically offered peri-operative systemic therapy if they are fit enough to
tolerate it. The aim of this is to control occult metastatic disease and improve survival
(Pisters et al., 2022). For patients with early-stage cancer that is non-resectable or where
surgery is not curative, radiotherapy, chemotherapy, immunotherapy, and targeted
therapy are some of the available treatments (Falkson et al., 2017; Zappa & Mousa, 2016).
With approximately 40% of all newly diagnosed patients presenting with stage IV, surgery

is often not an option for many patients.

For patients with life-limiting disease, the goal of care is to increase the time of

survival and reduce disease-related adverse events while achieving an acceptable quality



of life. For these patients, all previously mentioned treatment modalities may be used
however if a patient is eligible for targeted treatment the side effects are typically less,
the response rate is higher, and progression-free survival (PFS) is longer (Guo et al., 2022).
For a minority of patients, these advances in treatment modalities have led to long-term
remissions which may be shifting the paradigm that NSCLC more closely resembles a

chronic disease than an incurable one (Gupta et al., 2021; Rigney, 2019).

There are many well established risk factors for lung cancer, the majority of which
are environmental. Identifying a genetic component of lung cancer risk has proven difficult
over the years. There is an increased risk of developing lung cancer if there is a family
history, however, this can partially be accounted for due to shared environment and
lifestyle (e.g. smoking, second-hand smoke, asbestos exposure, etc). Germline mutations
such as those in the EGFR, Human Epidermal Growth Factor Receptor 2 (HER2), and yes-
associated protein 1 (YAP1) genes have begun to appear as inherited mutations that may
increase lung cancer risk but screening is not routinely done as no guidelines exist (de

Alencar et al., 2020; Kanwal et al., 2017).

Tobacco smoke, both direct and secondary exposure, is one of the greatest risk
factors for lung cancer. An estimated 70% of lung cancers in Canada are attributed to the
use of tobacco products (Bade & Dela Cruz, 2020; Poirier et al., 2019). Prevention of
tobacco use — rather than screening — is the most effective means of reducing lung cancer
burden. The effectiveness of this strategy is seen in declining lung cancer rates post-

implementation of smoking cessation programs (Ho et al., 2019). Although tobacco is a



serious risk factor, lung cancer in people who have never smoked is now the 7th leading
cause of cancer-linked death worldwide (Corrales et al., 2020; “Release Notice - Canadian
Cancer Statistics 2019,” 2019; Subramanian & Govindan, 2007). Exposure to arsenic,
asbestos, radon, air pollution, and non-tobacco related polycyclic aromatic hydrocarbons
have all been linked to the development of lung cancer (Bradley et al., 2019; Planchard et

al., 2018).

Atlantic Canada exhibits a unique location of study as there is array of factors that
may contribute to the increased lung cancer incidence and mortality rates observed in the
region. Compared to the rest of the country, Atlantic Canada displays a slightly higher rate
of smoking (Canadian Tobacco and Nicotine Survey (CTNS): Summary of Results, 2019;
Pelekanakis et al., 2021). The role of radon in lung cancer development is of particular
interest in Canada. Compared to Sweden, a country with similar smoking status and living
conditions, Canada reports a higher annual rate of new lung cancer cases, after adjusting
for population and age profiles (Khan et al., 2021). Over 40% of Atlantic Canada’s
population are considered rural residents, much greater than the national average of
17.8% (Population Growth in Canada’s Rural Areas, 2016 to 2021, 2022). People living in
rural communities can experience as much as 31.2% greater average residential radon
levels relative to urban equivalents, partially due to wells acting as conduits for radon
exposure (Khan et al., 2024). Another environmental carcinogen that is found in

hyperabundance in the Atlantic regions is arsenic (Dummer et al., 2015; Grosz et al., 2004).



Exposure to environmental carcinogens such as radon and asbestos is of interest
as they are known genotoxic carcinogens. This means they can induce genetic alteration
or directly damage DNA which may account for their carcinogenicity (Martinez et al.,
2019). The mechanism for these genetic aberrations and the development of lung cancer
is distinct comparted to those that occur from tobacco smoke (Corrales et al., 2020; Sun

et al., 2007).

1.2 The genomic landscape of lung cancer

The development of lung cancer is a stepwise process that involves the acquisition
of genetic mutations and epigenetic changes that alter cellular processes (Gomperts et
al., 2011). Prior to the 21°t century the characteristics and treatment of cancer focused on
the macroscopic. Cancers were classified solely on morphology and location with surgery
being a primary treatment modality (Faguet, 2015). In 1970 the first oncogene, SRC — a
mutated gene with the potential to cause cancer — was discovered in a chicken retrovirus
(Duesberg & Vogt, 1970). This discovery provided one explanation for the initiation of

carcinogenesis and launched molecular cancer research as we know it today.

With the molecular revolution and the rapid expansion of the knowledge around
cancer, it became increasingly important to define universal themes that exist in all
cancers. It is easiest to define cancer by a selection of acquired cellular capabilities — or
hallmarks — as proposed by Hanahan and Weinberg. The six original hallmarks are as
follows: self-sufficiency in growth signals, evading apoptosis, insensitivity to anti-growth

signals, sustained angiogenesis, limitless replicative potential, and tissue invasion and
6



metastasis (Hanahan & Weinberg, 2000). Eventually additional hallmarks have been
added, such as genome instability and mutation which underlies the acquisition of many

of the other hallmarks (Hanahan & Weinberg, 2011).

1.2.1 Driver & actionable mutations

Virtually all cancer genomes are abnormal in some respect. These mutations and
variations can initiate cancer development, drive the cancer’s behaviour, and will continue
to accumulate as the cancer progresses (Hanahan & Weinberg, 2011). Somatic mutations
— which are not inherited — accumulate over an individual’s lifespan. Most of these
mutations are neutral, meaning they are not believed to have any impact on the cancer;
these mutations are referred to as passenger mutations (Draetta et al., 2022;

Martincorena et al., 2017).

There exist certain genetic variants which can drive cancer initiation and
development, appropriately named driver mutations (Luo & Lam, 2013). Driver mutations
can be found either in oncogenes, where the mutation is activating, or tumour suppressor
genes, where the mutation results in a loss of function (Pon & Marra, 2015). Driver
mutations provide an advantage to the cancer and are therefore usually under positive
selection. In some cancers driver mutations are subject to historical contingency, meaning
that how a tumour progresses can be dependent on all the mutations acquired
throughout its history. This means that a mutation can be beneficial in one genetic

background and detrimental in another. Additionally, certain genotypes may only be



developed if certain mutations were gained earlier in the cancer’s evolution (Porta-Pardo

et al., 2020).

A subset of driver mutations have associated targeted therapies and are referred
to as actionable mutations. One of the first identified actionable mutations was found in
the EGFR gene which encodes a receptor tyrosine kinase. Kinases are involved in many
cell regulation pathways and deregulated expression of such kinases can lead to
angiogenesis, proliferation, and evasion of apoptosis. This initial mutation was identified
when small molecule inhibitors of EGFR were being evaluated in clinical trials. In these
trials it was noted that a subset of patients had a lasting progression-free response to
EGFR inhibitors, much greater than that of traditional chemotherapy. This led to further
investigation, which found that this subset of patients possessed a mutation within EGFR
(Garassino et al., 2009). In the case of deregulation of tyrosine kinase pathways, a
common treatment is the use of tyrosine kinase inhibitors (TKls) (Carr et al., 2016;
Chevallier et al., 2021). The availability of a treatment is what classifies these mutations

as actionable.

The use of mutation detection and associated targeted treatment such as TKls
have significantly improved survival rates (Travis et al., 2015). Since the discovery of EGFR
mutants, many more driver mutations and subsequent therapies have been developed,
some of which show better outcomes than traditional platinum-based chemotherapy

(Lindeman et al.,, 2013; Mok et al., 2009). Unlike traditional chemotherapy which is



indiscriminate, targeted therapies specifically target molecules or pathways involved in

the growth and progression of cancers (Zhou & Li, 2022).

Table 1.2.1: Examples of clinically actionable mutations.

Gene Description Clinical significance Targeted therapies References
ALK rearrangements Fusions with ALK result in Crizotinib (Arbour & Riely,
occur in approximately  dysregulation of ALK Ceritinib 2017; Duetal.,

ALK 5% of patients. ALK isa  expression. Patients with 2018; Shreenivas
tyrosine kinase. ALK fusions tend to be Alectinib etal., 2023;

younger with minimal to no Vollbrecht et al.,
history of smoking. 2018)
EGFR mutations are Deletions and point Gefitinib (Fuetal., 2022; C.
the most common mutations in EGFR result in Erlofinib O'Leary et al.,

EGFR mutations in NSCLC. constitutive activation. This 2020; Rosell et al.,
EGFRis a receptor results in hypersensitivity to 2009)
tyrosine kinase. TKiIs, slowing cancer

growth.
KRAS encodes asmall A G12C mutation results in Sotorasib (Cascetta et al.,
GTPase transductor the constitutive activation of 2022; JanCik et

KRAS protein. KRAS the KRAS protein leadingto  Adagrasib al., 2010; Punekar

mutations occur in hyperactivation of et al., 2022; Reita
approximately 30% of downstream oncogenic etal., 2022)
NSCLCs. pathways.
Exon skipping Exon skipping mutations Capmatinib (Blaquier &
mutations and result in ligand independent Recondo, 2022;
amplifications are two signaling. Amplification Tepotinib Peng et al., 2021;

MET types of mutations that  results in an increase in the Wolf et al., 2020)

can occur in MET.
These mutations occur
in less than 10% of
patients.

number of copies of the
MET gene and is often

associated with cancer

progression.

Outside of targeted therapies, genetic variants can also guide the selection of

other treatments such as immunotherapy. An example of patients who receive minimal

benefit from immune checkpoint inhibitors are patients whose cancers harbour EGFR

mutations or ALK rearrangements. The mechanism underlying the poor immunotherapy

response for patients with EGFR mutations or ALK rearrangements is unclear (Qi et al.,
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2022; Sankar et al., 2021; Shi et al., 2022). On the contrary, patients with NSCLC whose
tumours harbour mutation in the Ki-ras2 Kirsten rat sarcoma viral oncogene homolog
(KRAS) gene can benefit from immune checkpoint inhibitors (Watterson & Coelho, 2023).
Patients who have KRAS mutant tumours and receive treatment with immune checkpoint
inhibitors typically have longer overall survival (OS) than patients with KRAS wild-type who
receive the same treatment (Song et al., 2020). Recent evidence suggests that tumour
mutational burden (TMB), the number of mutations a tumour harbours, may have
potential as a predictive indicator for the use of immunotherapies. A higher TMB should
increase the probability of tumor neoantigen production and, therefore, the likelihood of
immune recognition and tumor cell killing. Recognition of tumor neoantigens by host T
cells is one of the critical factors predicting immunotherapy response (Marcus et al., 2021;
Strickler et al., 2021). Many challenges remain, such as identifying a definitive cut-off
point, before the use of TMB as a predictive biomarker is implemented in clinical practice

(Galvano et al., 2021; Palmeri et al., 2022).

1.2.2 Synonymous mutations

Cancer research has primarily focused on non-synonymous mutations; this work
has led to the development of resources such as Catalogue of Somatic Mutations in Cancer
(COSMIC). Historically, driver mutations have been non-synonymous in nature, meaning
that a mutation results in a change in the encoded protein sequence (Diederichs et al.,

2016).
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Recent evidence suggests that synonymous mutations — which occur in exons but
do not result in a change in the encoded protein sequence (Oelschlaeger, 2024) — may
have an oncogenic impact similar to the well-established driver mutation which all alter
the protein sequence (Elliott & Larsson, 2021; Supek et al., 2014). These mutations were
initially thought to be silent, as they were expected to have no effect on cell activity.
Defining mutations as silent varies drastically across databases in part due to
interpretation differences (George et al., 2008). Although no change occurs in the protein
form, synonymous mutations can influence the function of the gene. For example these
mutations can affect the speed and accuracy of mRNA translation, folding, and splicing
(Sauna & Kimchi-Sarfaty, 2011). Synonymous variants can lead to changes in epigenetic
modifications. When a synonymous variant alters a nucleotide sequence, it can create or
remove a site that DNA methyltransferases recognize, resulting in a different methylation
pattern (Oelschlaeger, 2024). Roughly 17% of mutational effects reported by different
laboratories carry contradictory clinical significance. This is to say that labels of
pathogenicity are not fixed, switching from benign to disease based on what condition is
being referenced and as evidence accumulates (Zeng & Bromberg, 2019). Furthermore, in
the realm of cancer care “silent” mutations hold predictive value over cancer classification

and prognosis (Gutman et al., 2021).

The study conducted by Fran Supek and colleagues in 2014 (Supek et al., 2014)
marked a significant milestone in cancer research by providing the first comprehensive

screening for synonymous mutations across various cancer types. Their findings revealed
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a 23-30% enrichment of synonymous mutations in known missense activated oncogenes
compared to non-oncogenic matched control genes. These control gene sets shared
similarities with oncogenes in terms of genomic characteristics such as higher expression
levels, increased heterochromatin content, elevated mutation rates, and later replication

times.

Supek et al also estimated that 6-8% of all driver mutations attributed to single
nucleotide changes in oncogenes are synonymous. This estimate was determined by
dividing the observed number of synonymous mutations by the enrichment ratio,
calculated through comparisons with control gene sets. The excess of observed mutations

over the expected were considered possible driver mutations.

Synonymous mutations can modify the effects of known clinically significant
oncogenes such as KRAS. In KRAS, synonymous mutations may have an impact on factors
such as increased protein expression and drug resistance (Kobayashi et al., 2022; Sharma
et al., 2019; Waters et al., 2016). In clinical practice, synonymous mutations are excluded
from mutational screening analysis as they are less easily interpreted and typically do not

yet have applicable targeted treatments (Haimovich, 2011).

1.3 Mutational profiling & Next-Generation Sequencing

Over 50% of patients with adenocarcinoma, the most common form of NSCLC,
possess a driver mutation (Kris et al., 2014). Consequently, the current standard of care in

Canada has shifted toward using mutational screening to provide personalized therapies
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and treatments (Cheema et al., 2020). Clinicians now routinely screen for established core
actionable mutations (e.g., EGFR, ALK, KRAS, MET, RET, ROS1, BRAF, NTRK) as part of the
standard care for advanced lung cancer. It is important to note that none of these are
synonymous mutations. Despite having established which mutations to screen for, the
methods of profiling remain the choice of the laboratory (lonescu et al., 2022; Melosky et

al., 2018).

Next-generation sequencing (NGS) has become the standard for identifying
genomic alterations such as driver and actionable mutations in NSCLC. There are two main
benefits of NGS compared to traditional Sanger sequencing: number of genes sequenced
and time. Unlike Sanger sequencing, NGS can be used to sequence multiple genes
simultaneously, in a process known as massively parallel sequencing. The time required
to perform NGS is also shorter because synthesis and sequencing occur in the same step

(Mardis, 2013).

Similar to Sanger sequencing, NGS typically relies on sequencing by synthesis
chemistry. For each deoxynucleotide triphosphate (dNTP) a fluorescently labeled
reversible terminator is added and subsequently imaged. Each nucleotide (A, T, G, C) is
associated with a fluorescent terminator that emits a unique wavelength, allowing the
sequencer to identify which dNTP is present. This leads to a human-readable electronic
output file known as a Fast Quality Score (FASTQ) file. The FASTQ file lists the sequence
along with a quality score, which is the confidence the base pair identified in the read is

correct. These files are sometimes referred to as the raw sequence data. In a typical
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variant analysis pipeline, the sequence is then aligned to a reference genome such as the
Genome Reference Consortium Human Build (GRCh) 38. This alignment process produces
a Binary Alignment MAP (BAM) file on which routine quality control is performed by the

in-house NGS software.

Once a BAM file is created variant calling is performed. Variant calling can be
completed in a variety of ways and varies by program, pipeline, and company (Kamps et
al., 2017; Koboldt, 2020; Larson et al., 2023; Zhong et al., 2021). Variant calling produces
a Variant Call Format (VCF) file which contains information about variants at different
positions in the sequence. A variety of genetic alterations such as single nucleotide
variants, insertions, deletions, copy number alterations, structural variants, gene fusions,
and chromosomal rearrangements are generated. This data is incredibly information
dense and as such, the results of NGS can be complex and time consuming to utilize
(Lazzari et al., 2020). Conversely, this provides a wealth of data which could be mined and
re-annotated to identify additionally useful variants or variants that may be more

prevalent in certain subpopulations.

1.4 Annotation of Variant Call Format files

Variant annotation, the process of assigning functional information to DNA and
RNA variants, is dependent on the tools used. The two major producers of commercially
available NGS platforms (ThermoFisher Scientific and lllumina) both offer an in-house

software to indicate variants of clinical significance (Quail et al., 2012). A variety of
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additional variant annotation tools are available, each using different algorithms and

pulling from varying collections of databases.

Ensembl’s Variant Effect Predictor (VEP) is a tool that has been developed for the
analysis, annotation, and prioritization of genomic variants in both coding and non-coding
regions. Unlike the in-house software used for clinical analysis, VEP produces and output
with all variants annotated. VEP is open source, free to use, regularly updated, offers
plugins for additional annotations, and compatible with many other tools used with VCFs.
By compiling current knowledge relating to a variant and using predictive algorithms to
evaluate the consequence of the variant, VEP is able to predict the effects of variants on
genes, transcripts, regulatory regions, and proteins (Hunt et al., 2022; Mclaren et al.,
2016). With respect to nomenclature standards and clinical integrity, VEP in known to
produce some of the most accurate variant annotations compared to other variant

annotation tools (Tuteja et al., 2022).

1.5 Aim of study

Mutational profiling in NSCLC is a growing field with clinical, economic and
resource implications (Forsythe et al., 2020; Kuang et al., 2022). Previous studies looking
at mutational panels in lung cancer have primarily focused on already established driver
and actionable mutations and response to a variety of treatments. The prevalence and
possible clinical implication of synonymous mutations in lung cancer and cancer more

broadly is under-investigated (Sharma et al., 2019).
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Here | fill some of these gaps by performing a comprehensive analysis of clinical
lung cancer NGS data at an Atlantic Canadian centre, including synonymous mutations,
and their relation to clinical outcomes. Recommendations from an expert committee
selected by Lung Cancer Canada advocate for the standardization of molecular screening
across Canada (Melosky et al., 2018). This research supports these recommendations by
adding to the body of research on the clinical trade-offs surrounding expanded mutation

panels.

1.5.1 Objectives

l. Identify and annotate variants that are not reported clinically focusing on
predicted synonymous variants. Annotate variants with a variety of predictors to

determine possible pathogenic significance and predicted biology.

Il. Explore possible clinical and prognostic impact for identified variants of interest by

utilizing clinical data when possible.

M. Describe the clinical (including reported variants) and demographic characteristics
of patients with non-small cell lung cancer who underwent genomic sequencing at the
Saint John Regional Hospital. Compare the expanded gene panel currently used to what

theoretically would have been reported had the smaller previous panel been used.

IV. Establish a bioinformatics pipeline at the SIRH that can be used in future analysis

of variants that are not clinically reported in NSCLC genomic sequencing.
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2.0 Methods

2.1 Study design & population

The study is a retrospective case series using information previously collected for
clinical purposes. Participants included in the study had to have received a diagnosis of
NSCLC and had a 52-gene next-generation sequencing panel performed at the Saint John
Regional Hospital (SJRH) from January 2019 to January 2023. Patient data sources
included electronic medical charts, pathology reports, and raw genomic data from NGS.
Collection of clinical variables was completed at the end of August 2023. For this study, |
obtained Research Ethics Board approval from both Horizon Health Network and the
University of New Brunswick. The approval included a waiver of consent according to
Articles 5, 3, and 12.3 of Tri-Council Policy Statement: Ethical Conduct for Research
Involving Humans (Tri-Council Policy Statement, 2022) and Horizon Health Policies for this
to occur. As a retrospective study, patients’ confidential information was not re-identified.
The data are kept on a secure hospital sever which is password protected. Access to
identifying patient information is limited to the research team. Prior to statistical analysis,
all data was deidentified. Data will be retained for 7 years after the study. An overview of

the methods and analysis is depicted in the schematic (Figure 2.1).
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Figure 2.1: Schematic indicating workflow of methods and analysis.

2.2 Clinical & demographic variables

Clinical variables were collected from patient electronic medical charts. Interzone
access to electronic medical charts for other Horizon Network zones was obtained and

patients who received additional care outside of the Saint John catchment area were also
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captured. The clinical and demographic variables obtained from medical records were as
follows: sex, location of care, date of birth, cancer diagnosis and TNM staging, variants
detected from gene panel, treatment received, last date known alive or date of death,
date of diagnosis, date genetic panel received, the date of first cancer progression

following diagnosis (if applicable), and smoking status.

Smoking status was divided into three categories: never-smoker, former smoker,
and current smoker. Never smoker describes someone who had never smoked or smoked
less than 100 cigarettes in their life. Former smokers describe those who smoked 100 or
more cigarettes in their lifetime but had stopped smoking at least one month or longer
before their diagnosis. Current smokers were smoking upon diagnosis or stopped less than

one month before their diagnosis (Ban et al., 2020; Gemine et al., 2019; Lee et al., 2014).

Length of progression-free and overall survival was measured in days. Time zero
was defined as the date that tissue was first obtained which led to a diagnosis of NSCLC.
The end point for OS was the date of death. The end point for PFS was the date the patient
experienced either disease progression or death (whichever was first documented).
Health records and publicly available obituaries were reviewed for each patient to
ascertain their mortality status and the date of their passing if applicable. The proportion
of patients deceased is likely an underestimate as | could not unequivocally determine
mortality status for all patients (ex. no obituary is available) (Vena et al., 1987). For those
patients who had not yet reached the PFS or OS endpoint, data were censored at the date

last known to be alive as determined by the patient's last documented visit to the hospital.
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Progression was determined from diagnostic imaging reports, and as documented in the

treating physician’s notes.

Descriptive statistics for the cohort were determined using Prism (GraphPad
Software, 2024). Categorical variables collected were as follows: sex, location of care,
cancer diagnosis and staging, variants detected from gene panel, treatment received, and
smoking status. Continuous variables included age at diagnosis, length of OS, and length
of PFS. Only patients with accessible medical records could be included in the descriptive

statistics for the cohort.

2. 3 Genomic Analysis

2.3.1 Clinical analysis with the lonTorrent platform

At the SJRH, non-squamous NSCLC biopsies are reflexively subjected to NGS testing
before initiation of first-line therapies, as per the guidelines from the National
Comprehensive Cancer Network (Ettinger et al., 2022). All genetic data used were initially
sequenced and processed using the ThermoFisher lonTorrent Oncomine Focus Assay, an

NGS platform.

Thermofisher’s lonTorrent Oncomine Focus Assay covers 52 genes related to
cancer (Table 2.3.1). Only 10ng of either DNA or RNA is needed for analysis, lending itself
to the analysis of traditionally difficult samples such as fine-needle aspiration biopsies.

The genes are categorized by somatic alteration type into four categories: hotspot genes,

20



focal copy number variant (CNV) gains, full coding sequence for deletion mutations, and

fusion drivers.

Genomic sequencing was completed by technicians at the SIRH as part of the
reflexive clinical work-up. To prepare samples to be sequenced DNA and RNA must first
be extracted and quantified by fluorometer. RNA then must be reverse transcribed to
cDNA. Prior to sample analysis libraries must be prepared. Three pools are amplified using
polymerase chain reaction (PCR), two for DNA and one for RNA. Both DNA and RNA are
then treated with the Fragmentase Universal Primer Assay (FUPA) enzyme to digest the
primers, ligated with lonXpress barcode oligonucleotides, purified, and quantified using
the lon Library Quantification Kit. Ligation of lonXpress barcode oligonucleotides allows
for multiplexed sequencing analysis by pooling multiple libraries prior to PCR emulsion,

the step that amplifies DNA and cDNA.
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Table 2.3.1: 52 genes sequenced in the Oncomine Focus Assay. Genes with asterisks

are those that the smaller 12-gene panel could have identified.

Hotspot genes Copy number Gene fusions
genes
AKT1* ERBB3 IDH2 MTOR AKT1 FGFR2 ABL1 FGFR2
ALK ERBB4 JAK1 NRAS* ALK FGFR3 AKT3 FGFR3
AR ESR1 JAK2 PDGFRA AR FGFR4 ALK MET
BRAF* FGFR2 JAK3 PIK3CA BRAF KIT AXL NTRK1
CDK4 FGFR3 KIT RAF1 CCND1 KRAS BRAF NTRK2
CTNNB1 GNA11 KRAS* RET CDK4 MET EGFR NTRK3
DDR2 GNAQ MAP2K1 ROS1 CDK6 MYC ERBB2* PDGFRA
EGFR* HRAS MAP2K2 SMO EGFR MYCN ERG PPARG
ERBB2 [DH1 MET ERBB2 PDGFRA ETV1 RAF1
FGFR1 PIK3CA ETV4 RET
ETV5 ROS1
FGFR1

lonTorrent sequencing has two major differences compared to other NGS
platforms. lonTorrent uses proton-based sequencing. Instead of measuring fluorescence
this type of sequencing measures the direct release of H* from the incorporation of
individual bases by DNA polymerase. Each type of nucleotide (A, G, C, T) is added one by
one and pH change — if any — is measured to determine how many bases were added.
Additionally, unlike NGS assays which sequence only genomic DNA, the Oncomine Focus
Assay detects targeted gene fusions by sequencing cDNA converted directly from
specifically targeted RNA transcripts (Lih et al., 2017). This sequencing produces a raw

sequencing, BAM, and VCF file.

2.3.2 Pre-processing for analysis
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| completed none of the sequencing, but all the analysis and pre-processing of the
sequencing data was done by me, including all bioinformatics scripts which were written

in Python. All scripts are accessible on GitHub (https://github.com/kathleenvarty/Lung-

cancer-mutation-profiling.git). | obtained the VCFs created by the NGS platform from the

clinical server. The NGS data is routinely kept on file in case of patient relapse, at which
point additional actionable mutations and targeted treatments may need to be identified
to better patient treatment. The NGS data is also kept or archived after a patient has died.
The VCFs collected from the clinical server were the starting point for the analysis, acting

as the initial input.

To prepare the initial VCF files for analysis, | performed a series of pre-processing
steps. | de-identified all genomic data by assigning a randomly generated 6-digit identifier
to each patient. For this study, | removed the RNA sequencing data. | then coordinate-
sorted the VCFs from 1 through Y as required by the annotation programs. Next, | lifted
over the files from reference genome GRCh37, against which the VCF data were originally
aligned, with the more recent reference genome GRCh38 using CrossMap (Zhao et al.,
2014). | decomposed and normalized the VCFs using bcftools (Danecek et al., 2021).
Normalization standardizes and simplifies variant representation for easier analysis and
comparison. Decomposition, a component of normalization, involves separating multi-

allelic variants into individual records.

The VCFs contained all variants identified, regardless of their quality. lon Torrent

by default added an annotation denoting the quality of the variant. All variants with an
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annotation of “PASS” were retained. The “PASS” annotation is indicative of adequate
quality of the variant to be subjected for analysis with standard variant finding parameters
provided in the lon Reporter™ Software (Vestergaard et al., 2021). The exact parameters
that define a PASS from the system are not publicly available. Finally, variants with a
variant allele frequency (VAF) of less than or equal to 2.5% were filtered out to remove
suspected artifacts. VAF is the percentage of sequence reads observed matching a specific
DNA variant divided by the overall coverage at that locus. VAF is used as a surrogate
measure of the proportion of DNA molecules in the sample that carry the variant of
interest. This is possible because NGS provides a near random sample (Melosky et al.,
2018; Strom, 2016). | chose the threshold of 2.5% because it is the same threshold used

for clinical reporting.

2.3.3 Variant Effect Predictor and additional plug-ins

| added additional annotations to each variant transcript using Ensembl’s VEP. The
annotations come from numerous sources, and VEP can be modified to pull from
additional databases and scoring systems (MclLaren et al., 2016). | used the Docker
software platform to run VEP to proactively avoid issues such as reproducibility and
varying dependencies across tools. | ran VEP using the ‘--everything’ flag and set the
output to tab-separated values (tsv) files. To gain additional annotations, | utilized four
plugins: dbNSFP, dbscSNV, SpliceRegion, and SpliceAl. For pathogenicity predictions, |

used the web interfaces CScape and TRaP. All plugins utilized ran the most recent versions.
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The Database for Non-synonymous Single Nucleotide Polymorphisms’ (SNPs')
Functional Predictions (dbNSFP) compiles predictions and annotations from different
algorithms providing deleterious prediction and functional annotation for all potential
non-synonymous and splice-site SNPs. Version 4.6 was utilized and draws from over 30
algorithms including: AlphaMissense, FATHMM, CADD, EVE, and PrimateAl (Liu et al.,
2011, 2020). The Database for Single Nucleotide Variants within Splicing Consensus
Regions (dbscSNV) is attached to dbNSFP and provides a whole genome level resource for
identifying splice-altering single nucleotide variants (SNVs) discovered from large-scale
sequencing studies. The database is modeled off the existing predictive tools Position
Weight Matrix and MaxEnt Scan, which were found to have the best predictive

performance compared to similar tools (Jian et al., 2014).

Three annotation sources were of particular interest for predicting pathogenicity.
Combined Annotation Dependent Depletion (CADD) (v1.7) score — which is included in the
dbNSFP — outputs a score incorporating diverse genomic annotations, including
conservation scores, functional predictions, and allele frequencies, to evaluate the
potential pathogenicity of genetic variants (Kircher et al., 2014; Schubach et al., 2024).
Another pathogenicity predictor | utilized was the Transcript-inferred Pathogenicity (TraP)
(v3.0) score. The TraP score was developed to predict a SNV’s ability to cause disease by
impacting the final mRNA transcript (Gelfman et al., 2017). The third pathogenicity
predictor | utilized was CScape which predicts the likelihood that somatic point mutations

are cancer drivers in both coding and non-coding regions. CScape pulls from genomic
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databases, conservation data, protein databases, and predictive tools to provide a singular
score (Rogers et al.,, 2017). This is the only pathogenicity predictor utilized that was

specific to cancer.

For splicing predictions, | utilized two annotations primarily. SpliceRegion by
Ensembl provided me with more specific predictions of splicing effects. SpliceRegion adds
three additional terms: splice donor 5th base variant, splice donor region variant, and
splice polypyrimidine tract variant. To predict possible impact on splicing | used SpliceAl.
Developed by lllumina in 2019, Splice Al is an open-source deep learning algorithm that
assesses how likely a genetic variant is to disrupt the normal RNA splicing process and
cause errors in gene expression. The most recent version (v1.3) was utilized (Jaganathan

et al.,, 2019).

2.3.4 Post-annotation processing

To ease filtering, | used only Matched Annotation from NCBIl and EMBL-EBI (MANE)
to select transcripts for annotation and to predict variant effects and impact. After filtering
using MANE, two annotation outputs remained for identical transcripts, one from NCBI
and another from EMBL-EBI. | merged the annotation outputs and retained a single
transcript. Due to alternative splicing, a single genomic location can produce multiple
mMRNA transcripts. MANE select transcripts are predicted to be the most representative of

the biology at that locus (Morales et al., 2022).
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To reduce noise, | filtered out common single nucleotide polymorphisms (SNPs). |
did this by removing variants that had an allele frequency greater than 0.5% in the
Genome Aggregation Database (gnomAD) which provides a catalogue of genetic variation

in humans across different populations (Chen et al., 2024).

| examined the VAF for each variant of interest across all samples that contained
the variant. Focusing on somatic mutations, | devoted additional efforts to excluding
germline variants. A VAF around 50% or 100% indicates a germline variant. | flagged and
removed variants if most samples had a VAF of 50% or 100% + 5%. However, | retained
variants if they had an annotation in COSMIC. Given the exploratory nature of the study;, |
conservatively filtered out germline variants to avoid the risk of inadvertently excluding

potentially pathogenic somatic variants.

It was not feasible to manually inspect all identified variants to verify that they
were not artifacts or germline polymorphisms. Any variant appearing in > 20% of the
cohort or found to have a significant impact on survival was reviewed using the Broad
Institute’s Integrative Genomics Viewer (IGV) to identify any signatures suspected to be
artifacts or polymorphisms (Robinson et al., 2011). | also reviewed any variant with

significant prediction of pathogenicity or splicing impact.
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Figure 2.3.4: Visual depiction of the bioinformatics methods used.

2.4 Survival analyses

Cox regression, also known as Cox proportional hazards regression analysis, is a

statistical model used to analyze survival data. Unlike a Kaplan-Meier analysis it takes into

account multiple variables that may contribute to cancer progression or death. Kaplan-

Meier analyses are used to estimate survival probabilities and compare survival curves,

but they do not assess the association between multiple variables and survival rate, which

is possible with the Cox regression model.

All survival analyses were completed using the statistical software R in conjunction

with the RStudio interface, which was used for the Kaplan-Meier analyses (Posit team,



2024; R Core Team, 2023). | assessed the following covariates for their impact on survival:
age, sex, TNM stage, presence of EGFR or KRAS clinical mutation, and smoking history. For
categorical variables | plotted Kaplan-Meier curves and performed the log-rank test. For
categorical variables that were not binary (i.e., TNM stage), | performed the log-rank test
using a pairwise comparison with the Bonferroni correction to account for multiple
comparisons. An two-sided p-value of 0.05 or less was used as the threshold for statistical
significance. For continuous variables such as age, | performed a univariable Cox
regression. Variables that were significant were tested to determine if they violated the
proportional hazards assumption of the Cox regression model by plotting and visually
inspecting the Schoenfeld residuals. If the covariate violated the proportional hazards

assumption, | did not include it in the model.

Determination of an adequate sample size for Cox regression suggests there
should be a minimum of 10 events per variable (EPV). This rule of thumb was derived from
simulation studies. Recent evidence suggests that the EPV should be > 20, so | opted to
adhere to this more stringent standard (Ogundimu et al., 2016). The covariates that |
found to be significant and appropriate to fit to the model were smoking history for both
overall and PFS in addition to age for OS. To calculate the EPV the number of events (168
for OS 219 for PFS) is divided by the number of predictor variables in the analysis (2); this
left us with an EPV of 84 and 109.5 respectively indicating | did have a large enough sample

size to perform a Cox regression with the variants | found to be significant.
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| analyzed variants of interest by plotting Kaplan-Meier curves and comparing the
curves with the log-rank test. The p-value was not adjusted for multiple comparisons due
to the exploratory nature of the study. Post-hoc power was also calculated for all log-rank
tests using a two-tailed test and a significance level of 0.05. The variants of interest were
also fitted to a Cox regression model with appropriate covariates depending on which

survival outcome was analyzed.
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3.0 Results

3.1 Demographics & clinical characteristics of cohort

A total of 353 patients were included in the study. | analyzed the genomic data for
all patients however only 344 were included in the demographic and survival analysis as
nine patients either had incomplete or inaccessible chart information. Age at diagnosis
ranged from 28 to 89 years, the average age of patients at the time of diagnosis was 68
years. Females were marginally more prevalent in the cohort (52.90%). The three most
common subtypes of NSCLC were adenocarcinoma (72.97%), squamous cell carcinoma
(17.73%), and poorly differentiated NSCLC (6.69%) (Figure 3.1.1).
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Figure 3.1.1: Subtypes of NSCLC within cohort.
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Most patients had a TNM stage at diagnosis of | or IV and four patients not staged.
Radiation, surgical resection, and chemotherapy were the three most common
treatments received (Figure 3.1.2). Most patients were either former smokers (49.56%) or
current smokers (37.90%). One patient was of an unknown smoking status and 12.54% of

patients never smoked.
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Figure 3.1.2: TNM staging assigned at diagnosis and treatments received within cohort.

At the time of data collection, 63.7% (N=219) of patients had reached the PFS
endpoint. Of these 43.9% (N=155) experienced progression of their disease since
diagnosis and 48.7% (N=168) of patients were deceased. The median OS and PFS were

906 and 727 days respectively (Figure 3.1.3).
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Figure 3.1.3: Survival curves for overall and progression-free survival. Shaded area
indicates 96% confidence interval.

3.2 Clinical reporting of variants

Of the 353 patients included in the genomics analysis, more than half had clinically
reported variants (62.32%) with an average of one each. The most common clinically
reported DNA variants were found in KRAS, PIK3CA, and BRAF. For RNA variants MET exon

14 skipping, AR amplification, and EGFR amplification were most prevalent (Figure 3.2.1).
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Figure 3.2.1: Clinically reported variants in cohort that were reported using the 52-
gene panel.

Interestingly, two patients had co-occurring KRAS and EGFR mutations. Although
not unheard of this is a relatively rare phenomenon. One patient had an EGFR 18 variant
co-occurring with a KRAS S122F variant and the other patient had an EGFR21 variant co-
occurring with a KRAS G12V variant (Figure 3.2.2). The patient with the EGFR 18 variant
received immunotherapy. Neither patient received a targeted therapy. One patient had
an interesting co-occurrence of mutations presenting with MYCN, ALK, PIK3CA, and

DCUN1D1 amplifications.
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Figure 3.2.2: Breakdown of clinically reported mutation in cohort found in KRAS and
EGFR.

Five mutations occurred exclusively within patients who never smoked, these were
MAP2K1, ALK, RET, EML4-ALK fusions, and MET amplifications. A small proportion of
patients who had never smoked (5.6%) had KRAS mutations. Approximately a third
(33.33%) of EGFR positive patients had never smoked. Patients with a smoking history had

a lower incidence rate of EGFR mutations.

3.3 Comparison of expanded gene panel to predecessor

A total of 30 variants were detected using the 52-gene panel that would not have
been detected using the 12-gene panel. An additional 3 variants were captured by the 52-
gene panel that would have been captured by the 12-gene panel but would not have been

reported for pathogenicity (Table 3.3.1).
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Table 3.3.1: Variants captured with the 52-gene panel that would not have been
captured with the 12-gene panel or not assessed for pathogenicity and clinically
reported. Those that were captured but not reported are underlined. Italicised
variants have known targeted therapies.

Variant Occurrence in Variant Occurrence in
cohort cohort

MET exon 14 9 AR 1

Skipping

CTNNB1 7 ROS1 1

AR amplification 5 JAK3 1

PIK3CA 3 IDH1 1

amplification

RET 2 KIT 1

MTOR 2 FGFR1 1
amplification

HRAS 2 MET amplification | 1

SMO 2 CDK6 1
amplification

KRAS amplification | 2 CCND1 1
amplification

EML4-ALK fusion 2 CDK4 1
amplification

MYCN amplification | 2 ALK amplification | 1

NF1 amplification 2 DCUN1D1 1
amplification

CDK4 1 MAP2K1 exon 3 | 1

EGFR amplification | 1 FGFR2 (exon 8) |3

EGFR exon 7 1 FGFR3 (exon7) |2

ERBB3 1 MAP2K1 (exon 2) | 1

RAF1 1

Two patients received targeted therapies for mutations that were found with the

52-gene panel that either would not have been found with the 12-gene panel or would
36



not have been reported. One patient received Crizotinib as part of their treatment for a
MET amplified mutated NSCLC. The other patient received Alectinib, an ALK specific
targeted therapy. The patient with the ALK mutation may have been identified by ALK
immunohistochemistry had the patient been treated in the era of the 12-gene panel

however this would have been an additional test.

3.4 Novel variants of interest

Utilizing the VCF files and annotating with VEP, a total of 372 variants were identified in
the cohort. After removing variants with well-established clinical significance in NSCLC a
total of 311 unique variants were identified which occurred 366 times in the cohort.
These 311 unique variants compromised the focus of the study. It was not feasible to
manually verify all variants therefore | prioritized files of patients with predicted
pathogenic variants or prevalent variants. In the end, 246 variants were manually
verified and determined not to be sequencing artifacts; | contend this is a reasonable
level of scrutiny and all specific variants reported were included in the 246 that were
manually verified. The genes with the greatest number of unique variants identified

were AR, EGFR, and FGFR2 (Figure 3.4.1).
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Figure 3.4.1: Number of unique variants identified in each gene.

Although the greatest number of variants occurred in the AR gene, the majority of
variants were found in two patients — both of whom had an overall high TMB — skewing
the results. Across the cohort, the most prevalent individual mutation was a synonymous
SNV in BRAF (Table 3.4.2); followed by a deletion and insertion-deletion in EGFR, both of

which were intronic.
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Table 3.4.2: Ten most prevalent novel variants identified in cohort.

Gene Location Variant Class Consequence O(.:currences
in cohort

BRAF Chr7:140801453 A>G SNV Synonymous 8

EGFR Chr7:55131288- TT>_ Deletion Intronic 8
55131289

EGFR Chr7:55131286- TCTTT>C-|--|--|--|-C Insertion- Intronic 6
55131290 deletion

DCUN1D1 Chr3:182955043- >T Insertion Intronic 5
182955044

DCUN1D1 Chr3:182973452 G>A SNV Intronic 5

NRAS Chr1:114713886 T>C SNV Synonymous 4

PDGFRA Chr4:54257555 G>T SNV Intronic 4

CDK4 Chr12: 57751159 A>G SNV Intronic 3

CDK®6 Chr7:92644005 C>G SNV Intronic 3

FGFR4 Chr10:121546542 T>C SNV Intronic 3

Of the 353 patients, 148 (41.9%) had at least one novel mutation. The average
number of variants per patient was 2.461+8.60. The cohort exhibited considerable
diversity, with most patients harbouring a single variant. Three patients had high tumour
mutational burdens with 99, 31, and 25 novel variants identified. None of the novel

variants of interest occurred exclusively in patients with no smoking history.
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Figure 3.4.3: (A) Oncoprint displaying the distribution of variant consequences across
patients and genes. Each column is a patient and each row a gene. The type of variant
consequence is displayed but not the number of variants with that consequence in a
gene per patient. (B) Number of patients with more than one novel variant by gene.
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All variants had associated consequence terms annotated by VEP which are
defined by sequence ontology — a set of terms and relationships used to describe the
features and attributes of biological sequence in a structured and controlled manner
(Eilbeck et al., 2005). Consequence terms are predictions of the effects that the variant
may have on the genes function or the resulting protein. Intron variants are also labelled
using consequence terms. The most prevalent consequences (excluding intronic) were

missense, synonymous, and 3’ UTR variants (Figure 3.4.3 & Table 3.4.4).
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Table 3.4.4: Variants divided by consequence type. The number of unique variants in
each gene is denoted in brackets.

Stop gained

Intron

Synonymous Missense
MTOR (4) AR (19) FGFR3 (3) FGFR2 (6) ERBB2 EGFR (6) ERBB2 (2)
FGFR4 (3) CDKB6 (10) MED12 (2) ALK (4) ERBB3 FGFR2 (6) GNA11 (2)
AKT1 EGFR (10) MET (2) FGFR3 (4) GNA1M1 KIT (5) GNAQ (2)
APC KRAS (10) RET (2) MTOR (4) KIT KRAS (5) JAK2 (2)
BRAF FGFR4 (8) AKT1 SMO (4) KRAS FGFR1 (4) PIK3CA (2)
EGFR PDGFRA (7) BRAF CTNNB1 (3) MED12 MAP2K1 (4) BRAF
FGFR2 MYC (6) JAK2 JAK3 (3) NF1 MET (4) CDK4
MYCN (6) MTOR MYC (3) NRAS MTOR (4) ERBB3
CCND1 SMO BRAF (2) SMO (4) HRAS
ERBB2 EGFR (2) ALK (3) IDH1
FGFR2 (5) FGFR4 (2) APC (3) JAK3
KIT (5) PDGFRA (2) FGFR4 (3) MYC
FGFR1 (4) PIK3CA (2) NRAS (3) PDGFRA
BIRC2 (3) MAP2K1 (2) AR (2) RET
CDK4 (3) MET (2) BIRC2 (2) ROS1
DCUN1D1 (3) AR CTNNB1 (2)
Splice polypyrimidine tract 3’UTR Splice Frames 5 UTR Inframe
Region hift insertion
BRCA1 (2) ERBB2 FGFR3 (7) BRAF BRCA1 CDK4 (2) EGFR
FGFR4 (2) FGFR2 CCND1 (3) FGFR1 FGFR3 NF1 FGFR
APC KRAS AR (2) MET
BRAF ROS1 CDK4 (2)
MYCN

Splice donor region

Splice acceptor

Splice donor

ERBB2

MET

ERBB2

NF1

RET

JAK2

MET
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3.5 Synonymous variants

Synonymous variants were defined by consequence terms assigned by VEP. These
consequence terms are sourced from the sequence ontology. VEP only defines
synonymous variants as those that are in the coding region of the gene that result in no
change in the amino acid sequence. Two synonymous variants were included in the ten
most prevalent variants, occurring a combined twelve times within the cohort. There are
no substantial ClinVar or COSMIC submissions specific to lung cancer for either the BRAF
or NRAS variants. A total of 53 variants identified in the cohort were synonymous,

occurring a combined 67 times (Appendix A - Table Al).

3.5.1 Synonymous variants with possible splicing impact

The only splicing predictor that consistently provided a prediction for all the
synonymous variants was SpliceAl. Scores for SpliceAl range from 0-1 with values closer
to one indicating a greater likelihood of having an impact on splicing. A threshold of 0.2 is
recommended by the developers as a “permissive” threshold to retain variants with high
sensitivity. A threshold of 0.5 is recommended for a balanced approach (Jaganathan et al.,

2019).

SpliceAl provides four scores for each variant: donor gain indicates the likelihood
of creating a new splice donor site, donor loss predicts the disruption of an existing donor
site, acceptor gain suggests the creation of a new splice acceptor site, and acceptor loss

assesses the disruption of an existing acceptor site.
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Table 3.5.1: Synonymous variants in cohort with at least one SpliceAl score.

SpliceAl
Gene Variant Occurrence Allele
Acceptor Donor Acceptor Donor frequency/range
loss loss gain gain

FGFR3 chr4:1804418 G>A 0.44 0.01 0 0 1 0.37302
MYC chr8:127738274 C>T 0.12 0.19 0 0 1 0.626
FGFR3 chr4:1801857 C>T 0.14 0.01 0 0 1 0.242424
FGFR3 chr4:1799396 G>A 0.1 0 0 0 1 0.0959128

0.237164 -
JAK3 chr19:17835201 C>T 0.08 0 0 0 2 0.405108
MET chr7:116763082 C>T 0.06 0.05 0 0 1 0.0544629
PDGFRA chrd:54274846 G>C 0.06 0.02 0.01 0 1 0.41362
MED12 chrX:71129386 G>A 0 0 0 0.06 1 0.2755
MET chr7:116763091 C>T 0.06 0 0 0 1 0.0565553
EGFR chr7:55191841 G>A 0 0 0 0.05 2 0.047 - 0.488924
ALK chr2:29213992 G>A 0 0 0 0.05 1 0.0440613
JAK3 chr19:17835147 A>G 0.04 0 0 0 1 0.320905
BRAF chr7:140794401 T>C 0.03 0 0 0 1 0.0554562
NF1 chr17:31358501 G>A 0 0.03 0 0 1 0.0566038
SMO chr7:129209384 C>A 0 0.01 0 0.02 1 0.0460526
ERBB2 chr17:39725096 C>T 0.02 0 0 0 1 0.356955
FGFR2 chr10:121515279 G>A 0 0.02 0 0 1 0.0861423
MTOR chr1:11129809 C>A 0.02 0 0 0 1 0.0706215
GNA11 chr19:3115037 C>T 0 0.01 0.01 0.01 1 0.106818
FGFR2 chr10:121515246 G>A 0.01 0 0 0 1 0.0643821
FGFR3 chrd:1799444 C>G 0.01 0 0 0 1 0.0574074
FGFR4 chr5:177091038 G>A 0 0.01 0 0 1 0.049459
JAK3 chr19:17838052 C>T 0 0.01 0 0 1 0.5675
KIT chrd:54727255 G>A 0.01 0 0 0 1 0.304
MAP2K1 chr15:66435123 G>A 0 0.01 0 0 1 0.0539773

(Table 3.5.1). The synonymous variant most likely to impact splicing was a G to A
substitution in FGFR3 with a SpliceAl acceptor loss score of 0.44. This indicates that the

substitution may prevent the normal recognition and use of the acceptor site during

A total of 25 synonymous variants with at least one Splice Al score were identified

splicing. This can lead to exon skipping or the use of alternative splicing sites.
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The next most likely synonymous variant to impact splicing was a C to T
substitution in MYC with a SpliceAl donor loss score of 0.19, slightly below the
recommended threshold. Similarly to the acceptor, the donor loss suggests the variant
may prevent the normal functioning of the donor site during splicing. These variations in
splicing can lead to abnormal RNA transcripts which may potentially alter the structure

and function of their associated proteins.

Neither the FGFR3 mutation nor the MYC mutation co-occurred with established
clinical variants in their respective genes. Neither variant in FGFR3 has been reported in

ClinVar for clinical significance.

3.5.2 Synonymous variants with predicted pathogenicity

CScape assigns a probability score to each SNV indicating the likelihood that the
variant is cancer-associate and pathogenic. The score ranges from 0 to 1 with scores closer
to one indicating a high likelihood that the variant is pathogenic. A score greater than 0.5
is labeled oncogenic but cautious classification thresholds are also available which for
coding is 0.89 (Rogers et al., 2017). Five variants were identified as possibly oncogenic by
CScape, all with low confidence (Table 3.5.2.1). Low confidence means that the score does
not pass the cautious classification threshold of 0.89. The NRAS variant is part of the top

ten most prevalent variants in the cohort.
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Table 3.5.2.1: Synonymous variants with possible pathogenicity in cancer as defined by
CScape score. Scores for additional predictive algorithms, occurrence, and allele
frequency or range are also included.

Cscape CADD

Allele
Gene Variant TraP Ph_red- Occurrence frequency/r
Score like
Score Prediction Confidence score ange
ALK chr2:29213992 G>A 0.656541 Oncogenic Low 0.131 11.45 1 0.0440613
FGFR2 chr10:121515246 G>A 0.641029 Oncogenic Low 0.104 12.63 1 0.0643821
NF1 chr17:31358501 G>A 0.667882 Oncogenic Low 0.104 8.931 1 0.0566038
. ) 0.0503597 -
NRAS chr1:114713886 T>C 0.505196 Oncogenic Low 0.009 12.59 4 0.0715686
PIK3CA chr3:179204568 A>G 0.520249 Oncogenic Low 0.027 12.35 1 0.162

The second algorithm utilized was the Transcript-inferred Pathogenicity (TraP)
score. Like CScape, the TraP score ranges from 0-1 with higher numbers being more likely
to cause disease. TraP uses a percentile scale to define which scores are damaging with
separate scales for coding versus non-coding regions. The developers denote a score
above the top 90th percentile as possibly damaging and above the 97.5th percentile as
probably damaging (Table 3.5.2.2). All variants were coding, therefor the coding percentile
scale was used to define a threshold. | chose a score of 0.100, slightly below the 75th

percentile, for this project.

Table 3.5.2.2: Percentile scale for TRaP scores (Gelfman et al., 2017).

Percentile 10% 25% 50% 75% 90% 92.5% 95% 97.5% 99%  99.9%

TraPv3 0.004 0.015 0.049 0.166 0.221 0.256 0.307 0.416 0.676 0.981
score

Eleven variants were identified with a TraP score greater than 0.100. Two variants
- one in SMO and the other in FGFR3 - had very high scores in the 0.400 range. All other

variants had a TraP score in the low 0.100 range (Table 3.5.2.3).
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Table 3.5.2.3: Synonymous variants with potential pathogenicity as denoted by TraP
score. Scores for additional predictive algorithms, occurrence, and allele frequency or
range are also included.

i Gscape CADD Allele
Gene Variant TRaP Score Phred-like Occurrence frequencylrange
Score Prediction Confidence score
SMO chr7:129209384 C>A 0.261754 Neutral Low 0.429 12.79 1 0.0460526
FGFR3 chr4:1804418 G>A 0.148019 Neutral Low 0.427 18.47 1 0.37302
MYC chr8:127738274 C>T 0.159967 Neutral Low 0.131 12.48 1 0.626
ALK chr2:29213992 G>A 0.656541 Oncogenic Low 0.131 11.45 1 0.0440613
ERBB3 chr12:56085090 C>G 0.239366 Neutral Low 0.123 9.763 1 0.332666
EGFR chr7:55191841 G>A 0.188506 Neutral Low 0.114 2.405 2 0.047 - 0.488924
SMO chr7:129210486 C>A 0.272064 Neutral Low 0.105 5.765 1 0.234281
FGFR2 chr10:121515246 G>A 0.641029 Oncogenic Low 0.104 12.63 1 0.0643821
NF1 chr17:31358501 G>A 0.667882 Oncogenic Low 0.104 8.931 1 0.0566038
ALK chr2:29220757 G>A 0.274993 Neutral Low 0.103 3.457 1 0.635135
EGFR chr7:55181331 G>A 0.158837 Neutral Low 0.101 15.34 1 0.0503751

The Combined Annotation Dependent Depletion (CADD) score was the final
prediction score used. Higher scores indicate a greater likelihood that the variant is
functionally significant and potentially deleterious. The CADD score, which can be
represented on a logarithmic scale, is commonly referred to as a CADD Phred-like score.
A Phred score is the most common metric used to assess the accuracy of sequencing, it is
a quality measure that estimates the probability that a base was called incorrectly. The
CADD score is Phred-like because like a true Phred score it is also given on a negative log
scale. The authors recommend a ranking system rather than a hard cut-off but an
explanation of score is available. A CADD Phred-like score of 10 or greater indicates that
the variant analyzed is predicted to be in the 10% most deleterious substitutions possible

in the human genome (Schubach et al., 2024).
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Table 3.5.2.4: Synonymous variants with a CADD Phred-like score > 10. Scores for
additional predictive algorithms, occurrence, and allele frequency or range are also

included.
Cscape CADD
Gene Variant ST:;:; P?i:'(eed- Occurrence Allele frequency/range
Score Prediction Confidence score
FGFR3 chr4:1804418 G>A 0.148019 | Neutral Low 0.427 18.47 1 0.37302
FGFR3 chr4:1801857 C>T 0.271777 | Neutral Low 0.068 16.03 1 0.242424
BRAF chr7:140794401 T>C 0.203643 | Neutral Low 0.056 15.81 1 0.0554562
EGFR chr7:55181331 G>A 0.158837 | Neutral Low 0.101 15.34 1 0.0503751
ERBB2 chr17:39725096 C>T 0.200551 Neutral Low 0.004 15.33 1 0.356955
GNA11 chr19:3115037 C>T 0.330139 | Neutral Low 0.043 13.43 1 0.106818
SMO chr7:129209384 C>A 0.261754 | Neutral Low 0.429 12.79 1 0.0460526
FGFR2 chr10:121515246 G>A | 0.641029 | Oncogenic Low 0.104 12.63 1 0.0643821
NRAS chr1:114713886 T>C 0.505196 | Oncogenic Low 0.009 12.59 4 0.0503597 - 0.0715686
MYC chr8:127738274 C>T 0.159967 | Neutral Low 0.131 12.48 1 0.626
PIK3CA chr3:179204568 A>G 0.520249 | Oncogenic Low 0.027 12.35 1 0.162
FGFR2 chr10:121488024 G>A | 0.453985 | Neutral Low 0.055 123 2 0.0671551 - 0.157079
CTNNB1 chr3:41224602 C>T 0.297301 Neutral Low 0.075 11.56 1 0.0466165
KRAS chr12:25227398 C>T 0.366425 | Neutral Low 0.069 11.52 1 0.0662139
ALK chr2:29213992 G>A 0.656541 Oncogenic Low 0.131 11.45 1 0.0440613
CTNNB1 chr3:41224648 C>T 0.376643 | Neutral Low 0.07 11.42 1 0.0398162
PIK3CA chr3:179199143 C>A 0.283186 | Neutral Low 0.026 11.38 1 0.0580871
MYC chr8:127740673 C>T NA NA NA 0.2 11.34 1 0.201601
MED12 chrX:71129386 G>A NA NA NA 0.18 11.13 1 0.2755
MAP2K1 chr15:66481774 C>T 0.291842 | Neutral Low 0.031 10.25 1 0.08742

A total of 20 synonymous variants were identified with a CADD Phred-like score of
ten or greater, this included four of the variants identified as potentially oncogenic using
CScape (Table 3.5.2.4). The variant with the highest CADD Phred-like score was a G to A

substitution in FGFR3.

Variants were organized into four classes based on their predicted potential
pathogenicity in lung cancer. | developed the classification strategy as a means of

integrating algorithms and databases that identify the variant as being potentially
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pathogenic. The classification itself does not have any predictive significance. Variants
with the strongest support had indicator scores in all the predictors. Next were variants
with only two-supportive scores, one of which was CScape. The third class are variants
that have two-supportive scores neither of which are CScape. Class four are variants with

only one supportive score.

Class | Class I Class Il Class IV

ALK chr2:29213992 G>A NF1 chr17:31358501 G>A SMO chr7:129209384 C>A ERBB3 chr12:56085090 C>G
FGFR2 chr10:121515246 G>A NRAS chr1:114713886 T>C FGFR3 chr4:1804418 G>A EGFR chr7:55191841 G>A
PIK3CA chr3:179204568 A>G MYC chr8:127738274 C>T SMO chr7:129210486 C>A
EGFR chr7:55181331 G>A ALK chr2:29220757 G>A
FGFR3 chr4: 1801857 C>T
BRAF chr7:140794401 T>C
ERBB2 chr17:39725096 C>T
GNA11 chr19:3115037 C>T

FGFR2 chr10:121488024 G>A

Figure 3.5.2.5: Synonymous variants of interest divided into four classes by support for
possible pathogenicity.

Only two variants had support from all the predictors used, they were in ALK and
FGFR2 (Figure 3.5.2.5). Interestingly, the most prevalent synonymous variant (BRAF
Chr7:140801453) had no indication for pathogenicity. The variants in FGFR3 and MYC with
possible splicing impact as denoted by SpliceAl, both fall into Class Ill. All but one of the
variants in classes |, I, and lll are either not reported in ClinVar/COSMIC or they are

reported but with low support or not specific to lung cancer. The class Ill EGFR variant is
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recorded in the COSMIC database in lung cancer however there is only one sample for this

report.

3.6 Survival analyses

For both overall and progression-free survival the covariates examined were: sex, age,
smoking history, TNM stage, and therapies received. For OS, the significant covariates
were smoking history, age, and TNM stage (Figure 3.6.1). The pair-wise log-rank analysis
revealed significant differences in survival between Stage | and Stage lll, Stage | and Stage
IV, Stage Il and Stage IV, and Stage Il and Stage IV. However, no significant differences were
observed between Stage | and Stage Il or between Stage Il and Stage Ill. This indicates that
survival outcomes are notably worse in later stages (Il and IV) compared to earlier stage

disease (stage | and ).

For PFS, the significant covariates were smoking history and TNM stage (Figure
3.6.2). The pair-wise log-rank analysis revealed significant differences in survival between

all stages except stage I and Il.

All covariates of interest were analyzed to see if they violate the proportional
hazards assumption of the Cox regression. This was done by plotting the Schoenfeld
residuals. TNM stage was grouped into early stage (stage | and Il) and late stage (stage Il
and IV) based on the results of the pair-wise log-rank analysis. For both overall and PFS

the TNM stage violated the proportional hazards assumption and so | did not perform Cox
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regression for stage. For OS and PFS smoking history did not violate the assumption

(Appendix B — Figure B1). Age also did not violate the assumption for OS.
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Figure 3.6.1: Significant covariates in overall survival. Smoking history and TNM stage
are plotted on Kaplan-Meier curves and compared using the log-rank test. The p-values
for the pair-wise comparisons with the Bonferroni correction are displayed in the table.
Hazard ratio, Wald test, Log-rank, and concordance values for univariate Cox regression
of age are also shown.
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Progression-free survival
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Figure 3.6.2: Significant covariates in progression-free survival. Smoking history and

TNM stage are plotted on Kaplan-Meier curves and compared using the log-rank test.

The p-values for the pair-wise comparisons with the Bonferroni correction are displayed

in the table.
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3.6.1 Prevalent variants

The only synonymous variant prevalent enough to be assessed alone for impact
on survival was the A to G substitution in BRAF (Figure 3.6.1.1). This BRAF variant was not
mutually exclusive with any known driver mutation, the variant occurred alone and in the
presence of varying driver mutations. Presence of the synonymous BRAF variant was
associated with decreased rates of both OS and PFS. However, the difference between
patients with and without the variant was not significant when compared using the log-

rank test.

54



Overall survival
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Figure 3.6.1.1: Kaplan-Meier curves with p-values from log-rank testing comparing
patients based on presence of the novel synonymous BRAF variant.

3.6.2 Synonymous variants

No other variants had a high enough prevalence within the cohort to be assessed

alone. Variants in classes 1-3 were grouped by their associated gene into groups that affect
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similar pathways (Table 3.6.2.1). The pathway most enriched with novel variants was the

MAPK/ERK or PI3K/AKT with a total of four variants, each occurring once in the cohort

(Table 3.6.2.2). These pathways are involved in various cellular processes such as cell

proliferation, differentiation, survival, and apoptosis.

Table 3.6.2.1: Genes with variants of unknown significance identified, grouped by

primary pathway and function.

MAPK/ERK MAPK/ERK and PI3K/AKT PI3K/AKT WNT/B-catenin JAK/STAT
BRAF ALK KIT AKT1 APC JAK2
GNA11 EGFR MET MTOR CTNNB1 JAK3
GNAQ ERBB2 PDGFRA NF1
HRAS ERBB3 ROS1 PIK3CA
KRAS FGFR1
MAP2K1 FGFR2
NRAS FGFR3
RET FGFR4

Hedgehog Transcrirftion Cell cytl:le Proteir? Cellular metabolism Apopto.sis

regulation regulation degradation regulation
SMO AR CCND1 DCUN1D1 IDH1 BIRC2
BRCA1 CDK4
MED12 CDK6
MYC
MYCN
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Table 3.6.2.2: Novel variants in MAPK/ERK and PI3K/AKT pathway with 2 or more

predictions of pathogenicity.

37

Cscape TRaP CADD Patient Clinical
score Phred- TNM variant
Gene Variant Class like stage present
. . score
Score Prediction Confidence
ALK chr2:29213992 G>A 1 0.6565 Oncogenic Low 0.131 11.45 4 PIK3CA
41
FGFR2 chr10:121515246 1 0.6410 Oncogenic Low 0.104 12.63 1 ERBB2
G>A 29
FGFR3 chr4:1804418 G>A 3 0.1480 Neutral Low 0.427 18.47 4 KRAS
19 (G12C)
EGFR chr7:55181331 G>A 3 0.1588 Neutral Low 0.101 15.34 1 ROS1

The presence of a synonymous variant in a gene associated with the MAPK/ERK

and PI3K/AKT pathways resulted in an increased survival probability for both OS and PFS

(Figure 3.6.2.3). Again, significance was determined by examining PFS as a greater number

of events occurred. The difference between patients with and without one of the four

identified variants was not significant when compared using the Log-rank test.
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Overall survival
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Figure 3.6.2.3: Kaplan-Meier curves with p-values from log-rank testing comparing
patients based on presence of synonymous variant in gene involved in the MAPK/ERK
and PI3K/AKT pathways.

58



4.0 Discussion

4.1 Cohort demographics & clinical characteristics

Although small, this cohort is reasonably representative of the general population
of non-squamous NSCLC patients in the Western world whose tumours undergo NGS
sequencing. As a referral centre for thoracic surgery the SIRH provides an interesting study
site with an elevated number of early-stage NSCLCs. The European Society for Medical
Oncology indicates the use of NGS for advanced NSCLC (Mosele et al., 2020), in this cohort
all non-squamous NSCLC are reflexively sequenced upon diagnosis regardless of stage.
Recent molecular testing guidelines advise that although reasonable, reflexive NGS testing
of NSCLC is an institutional decision and as such is not routinely utilized (Aggarwal et al.,
2021). As a result, the literature has historically focused exclusively on advanced stage

disease.

In alignment with worldwide and national statistics, adenocarcinoma was the
primary lung cancer subtype in the cohort, followed by squamous cell and large cell
carcinoma (Canadian Cancer Statistics Advisory Committee, 2020; Travis et al., 2015).
Comparing to national and international cohorts of patients with NSCLC who had NGS
sequencing done, adenocarcinoma is still the most prevalent histology but this cohort has
a lower percentage of adenocarcinoma (Choudhury et al., 2023; Fan et al., 2022; Tsoulos
et al., 2017; Zacharias et al., 2021). Canada-wide demographic statistics for NSCLC are

limited, and most reporting combines NSCLC with SCLC. Two studies in Canada provide
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demographic data specific to NSCLC patients, one in Ontario and the other in Alberta
(Akhtar-Danesh et al., 2019; Brenner et al., 2023). These studies found the mean age of
diagnosis to be approximately 70 years, similar to the mean age of diagnosis of 68 years
in this cohort. The sex distribution in both Alberta and Ontario leaned slightly male, while
this cohort leaned slightly female. This slight male dominance is also seen internationally

in both US and Korean cohorts (Chi et al., 2023; Primm et al., 2022).

Only the Ontario study had data available regarding treatment modalities
received, matching the trends seen in this cohort with radiation being the most commonly
received treatment, followed by surgical resection and chemotherapy (Akhtar-Danesh et
al., 2019). Like this cohort, the Alberta study found that most patients present with either
stage | or stage IV disease. Alternatively, Ontario found most patients presented with
advanced disease (stage Il and IV). Worldwide, patients are generally diagnosed at

advanced stages when symptoms become evident (Polanco et al., 2021).

The demographics of this cohort align with national and international statistics in
terms of subtype, mean age at diagnosis, and treatment modality. This cohort is slightly
more female dominant but not to a significant level. Nationally and internationally, most
patients present with advanced stage disease upon diagnosis. In this cohort, more
patients present with stage | disease than any other stage, likely because the SJRH is a
referral center for thoracic surgery for the other parts of the province. Most surgical
resections occur in stage | patients, meaning this cohort is likely enriched for patients with

early-stage disease. The amount of tissue available for sequencing is also higher in
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resected patients, as a result there are patients with advanced stage disease who do not
receive NGS because there is insufficient tissue, further enriching this cohort for patients

with early-stage disease.

4.2 Clinical reporting

The most common non-synonymous DNA clinical mutations found within the
cohort were KRAS (35.12%), EGFR (9.07%), PIK3CA (4.82%), and BRAF (4.53%). The low
prevalence of PIK3CA mutations and BRAF mutations in the cohort were consistent with

the literature (C. G. O’Leary et al., 2019; Scheffler et al., 2015; Yan et al., 2022).

More common in Caucasians, KRAS is known to be the most frequently mutated
oncogene in NSCLC with a frequency around 30%, with KRAS G12C being the most
common alteration (Fois et al., 2021; Huang et al., 2021). These trends were represented
in the cohort. A small proportion of patients with KRAS mutation had no smoking history,
but most patients with these mutations had a smoking history. This aligns with the

literature that KRAS mutations are enriched in smokers (Wang et al., 2021).

In this cohort, EGFR was the most prevalent currently actionable mutation, with
exon 19 in-frame deletions and exon 21 point mutations being the most common, aligning
with the literature (Li et al., 2008). EGFR mutations are detected in more than 50% of
patients among Asian populations, but the prevalence is much lower, around 12-15%, in
Western populations (Cooper et al., 2013; Melosky et al., 2022). Although data regarding

ethnicity was not collected for the cohort, over 80% of New Brunswick’s population is
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Caucasian (Statistics Canada, 2023). Therefore, the low number of patients with EGFR

mutations in my cohort is expected.

4.3 Benefits of expanded panel

A total of 30 additional patients with clinically reportable variants were detected
using the 52-gene panel that would not have been detected had the predecessor 12-gene
panel been used. An additional three variants were reported using the 52-gene that would
have been captured with the predecessor panel but would not have been reported for

pathogenicity.

In the entire cohort ten patients received targeted therapies for their actionable
mutations. Two of these patients would not have had their mutations identified had the
predecessor panel been utilized and it is probable they would not have received the
targeted therapy. One patient received Crizotinib as part of their treatment for a MET
amplified NSCLC. The other patient received Alectinib, an ALK specific targeted therapy.
Had the patient with the ALK mutation been treated in the era of the 12-gene panel, their
mutation may have still been captured using ALK immunohistochemistry; however this

additional testing would have required extra time, materials, and effort.

The most prevalent mutation that was additionally identified as a result of the 52-
gene panel was MET exon 14 skipping. Exon 14 of MET encodes an element responsible
for the negative regulation of the tyrosine kinase met receptor. The loss of this element

leads to an overactivation of the MET signalling pathway, promoting tumour growth and
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progression. As a result, TKIs such as Capmatinib, Tepotinib, and Savolitinib have been
proposed for the treatment of patients harbouring a MET exon 14 skipping mutation.
These TKIs have demonstrated durable response in both untreated and pre-treated
patients (Blaquier & Recondo, 2022; Drusbosky et al., 2021). It is encouraging that the

most additionally captured variant has associated targeted therapies available.

4.4 Novel variants of interest

All the synonymous variants identified occurred in coding — exonic — regions of
their respective genes. To discuss the proteins encoded by the genes where novel variants
were identified | utilized the Universal Protein Resource (UniProt). A comprehensive
resource for protein sequences and functional information, UniProt is an open and
accessible database that provides a centralized repository for protein sequences and

associated data from a variety of organisms (The UniProt Consortium et al., 2023).

One synonymous variant was identified in KRAS. This variant was not identified in
previous literature and occurred at cDNA position 129 (c.129), whereas those existing in
the literature occurred at c.30, ¢.60, and ¢.180 (Kobayashi et al., 2022; Sharma et al., 2019;
Waters et al., 2016). The authors of these studies did not work on primary patient
samples, they instead modified cell lines to host these synonymous mutations. These
positions were chosen in part because of how frequently they occur in The Cancer
Genome Atlas Program (TCGA) pan-cancer cohort. The synonymous mutation in this

cohort seen at c.129 is also found in the TCGA but to my knowledge, its functional
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significance has not been assessed in the literature (Kobayashi et al., 2022; Waters et al.,

2016).

4.4.1 Prevalent synonymous variants

| identified two synonymous variants to be in the top ten most prevalent novel
variants within the cohort. One variant was an A to G transition in the BRAF gene. This
variant occurred eight times in the cohort and was not identified in the later analyses
looking at pathogenicity. | was not able to find this variant in any other databases or
publications. The Kaplan-Meier curves | plotted indicated that the presence of the BRAF

variant showed a decrease in survival probability, but this was not statistically significant.

The BRAF gene encodes for a protein kinase involved in the transduction of
mitogenic signals from the cell membrane to the nucleus. The BRAF protein primarily
phosphorylates MAP2K1 and as a result activates the MAP kinase signal transduction

pathway (Brennan et al., 2011; Lavoie et al., 2018).

This specific variant occurs in the region that encodes for the zinc fingers of the
BRAF protein within conserved region 1 (CR1) (UniProt: P15056). In the inactive state, CR1
inhibits the kinase domain of B-Raf. Upon activation, Ras binds to the Ras-binding domain
of B-Raf, releasing this inhibition. The zinc fingers then facilitate the docking of B-Raf to
the membrane, where they bind to lipids, helping localize B-Raf to specific membrane
regions. This localization is crucial for B-Raf's activation and function in the signaling

pathway (Cope et al., 2018; Simanshu & Morrison, 2022).
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Synonymous mutations may affect mRNA stability or translational efficiency,
leading to changes in protein expression levels. In the case of BRAF, alterations in protein
expression could dysregulate the MAPK/ERK signaling pathway, contributing to
uncontrolled cell proliferation, a hallmark of cancer. Software programs exist that can
predict the effects of these mutations in-silico (Jian et al., 2014) but there is also the
potential for experimental testing — such as introducing the variant in cell lines and

measuring mRNA and/or protein levels.

4.4.2 Exploring synonymous variants with predicted splicing impact

My examination of synonymous variants with predicted splicing impact revealed a
singular instance: a G to A transition within the FGFR3 gene. Despite lacking
representation in ClinVar, this variant garnered a notable acceptor loss score from
SpliceAl. FGFR3, encoding the fibroblast growth factor receptor 3, is a transmembrane
receptor tyrosine-protein kinase that orchestrates critical cellular processes including
proliferation and apoptosis regulation. The protein FGFR3 that plays an essential role in
the regulation of cell proliferation, differentiation, and apoptosis. FGFR3 is involved in
both the MAPK/ERK and PI3K/AKT pathway. Its role is to recruit proteins and activate RAS

and PI3K respectively (Haugsten et al., 2010; Ornitz & Itoh, 2015).

The variant is located between the exons encoding an immunoglobulin-like
domain — which is responsible for binding to fibroblast growth factors — and the exon
encoding the protein kinase domain (UniProt: P22607). Loss of the splice acceptor site

may lead to aberrant splicing patterns, resulting in the production of alternative mRNA
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isoforms. These isoforms may lack the sequences encoding the kinase domain or contain
insertions/deletions that disrupt its proper structure or function. Alternatively, loss of the
splice acceptor site may result in intron retention, where the intron adjacent to the splice
site is retained in the mature mRNA transcript. This could introduce premature
termination codons or frameshift mutations, leading to non-functional or truncated
proteins. A variant that affects splicing in this region may lead to improper function of
FGFR3, theoretically leading to abnormal cell proliferation and apoptosis, which are key

characteristics of cancer.

4.4.3 Predicted pathogenic synonymous variants

One of the possible predicted pathogenic variants was also one of the top ten most
prevalent variants. This variant was a T to C transition in NRAS that occurred four times in
the cohort. Due to such a low prevalence, this variant was not analyzed alone with a
survival analysis. The variant in NRAS fell into Class Il for variants with a CScape score of

0.50 and a CADD score of 12.59.

The NRAS gene encodes for the GTPase NRAS which functions to propagate
signaling cascades, it is a key regulator of the MAPK/ERK and PI3K/AKT signaling pathway.
NRAS in a GTP bound state activates RAF kinases such as BRAF (Mendoza et al., 2011). The
variant occurs just outside the effector region of the protein in a helix (UniProt: P01111).
The location of the variant near the effector region suggests that in theory it might affect
MRNA secondary structure or regulatory elements important for translation or protein

folding leading to changes in protein structure. Theoretically, structural alterations to the
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mRNA in this region can stabilize or destabilize mRNA based on the secondary structure,
dependent on the secondary structure of the mRNA. If the mRNA is stabilized this
generally increases the cellular concentration of the mRNA as it slows the degradation
rate (Gaither et al.,, 2021; Nachtergaele & He, 2018; Ross, 1995). Increased cellular
concentration can result in increased protein expression which may lead to
hyperactivation of downstream signaling pathways, such as the MAPK/ERK pathway,
promoting uncontrolled cell proliferation, survival, and metastasis. The other variants
listed in class I, I, Il would also be of interest for further investigation as they have
predicted significance and little or nothing in the literature regarding potential prognostic
impact in NSCLC. The NF1 variant in class Il would be the variant | am next most interested

in investigating.

4.4.4 Variants in MAPK/ERK and PI3K/AKT pathways

Several variants were found in genes implicated in the MAPK/ERK and PI3K/AKT
pathways, namely ALK, FGFR2, FGFR3, and EGFR. The PI3K/AKT pathway regulates cell
survival and inhibits apoptosis (Sarris et al., 2012) while the MAPK/ERK pathway regulates
gene expression involved in proliferation, differentiation, and survival. The MAPK/ERK
pathway also regulates cellular responses to growth factors and mitogens (Zhang & Liu,
2002). These variants, and the most prevalent variant in BRAF are shown in their

respective pathways as bolded and underlined (Figure 4.4.4.1).

The ALK and FGFR2 variants were class | variants with support from three

predictors. The variant in FGFR3 is the variant with the predicted splicing impact. All the
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variants excluding EGFR are either not present in ClinVar/COSMIC or are not specific to
lung cancer. The EGFR variant is reported in COSMIC, but it is reported as part of a larger
insertion which was not seen in this case. The EGFR variant also has a submission in ClinVar
denoting it as benign in lung cancer, but the classification has low support with only one

submission.
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Cell proliferation & survival

Figure 4.4.4.1: Variants of interest and their involvement in the MAPK/ERK (pink) and
PI3K/AKT (purple) pathways. Dotted arrows indicate indirect signaling. Proteins with an
asterisk are those with variants of interest detected in their respective genes.

Like FGFR3, the FGFR2 gene encodes a transmembrane receptor tyrosine-protein
kinase but is more widely expressed in various tissues. The synonymous FGFR2 variant |
have identified is a G to A transition substitution. Like the FGFR3 variant, this variant
occurs between the domains that encode for the immunoglobulin-like region that directly
interacts with proteins in the extracellular region and the protein kinase domain (UniProt:

P21802). This variant is not predicted to alter splicing. One of the ways this variant could
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have an impact is through codon usage bias. If this variant changes a codon to one that is
less utilized in the cell it could slow down translation or cause premature termination,
potentially affecting protein folding and function. Alternatively, it could lead to a codon
that is more utilized in the cell. Regardless, downregulation or upregulation of mRNA can
both ultimately lead to increased expression either directly or through compensatory
upregulation. Like FGFR3, a variant in FGFR2 that may result in improper function of the
protein would theoretically lead to abnormal cell proliferation and apoptosis which again,

are key markers of cancer.

The other synonymous variant, supported by three pathogenicity prediction
scores but no significant scores for splicing impact, is a G to A transition in the ALK gene.
The ALK gene encodes a transmembrane receptor tyrosine kinase that like the FGFR family
initiates signaling cascades in both the MAPK/ERK and PI3K/AKT pathways (Della Corte et
al., 2018). This variant occurs in the region of the gene that encodes for the protein kinase
domain (UniProt: Q9UM?73). Like the variants in the FGFR variants a variant in this region
could alter mRNA secondary structure through codon usage bias — such as leading to
protein truncation — potentially affecting the efficiency of translation of the ALK protein

kinase domain.

The final of the four variants is in the EGFR gene which encodes for the epidermal
growth factor receptor, a transmembrane receptor tyrosine kinase. Like many tyrosine
kinases EGFR dimerizes upon ligand binding and autophosphorylates leading to

recruitment of adaptor proteins and initiation of signaling cascades in MAPK/ERK and
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PI3K/AKT (Hsu et al., 2019). This variant — a G to A transition — occurs in the region that
encodes for the protein kinase domain (UniProt: P00533). Like the variant in ALK, which
also encodes for the protein kinase domain, this variant has no predicted splicing impact.

The possible impacts of this variant are similar to those mentioned for ALK above.

Abnormal function or expression of these proteins can contribute to the
dysregulation of these pathways, promoting abnormal cell proliferation and survival, key

characteristics of cancer.

4.5 Strengths & limitations of the study

4.5.1 Strengths

4.5.1.1 Cohort demographics

Although the limited size of the cohort does have its disadvantages there also exist
significant advantages. As a smaller province with only two referral centres for thoracic
surgery and radiation oncology, this study is able to capture a significant portion of New
Brunswickers, not only those who live in the city of Saint John. This includes rural patients

who may have differing environmental exposures compared to their urban counterparts.

A smaller size also makes it much more feasible to collect and analyze clinical
variables through chart reviews. As a referral centre for both thoracic surgery and
radiation oncology, | was able to capture both early-stage — which is often lacking in NGS

cohort studies — and advanced disease.
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4.5.1.2 Reflexive sequencing

As a smaller centre it is much more feasible to reflexively sequence all patients
with a diagnosis of non-squamous NSCLC, which is not the case for all institutions. The
indication for NGS in NSCLC is for advanced-stage disease therefore much of the literature
that exists is primarily representative of patients with this status. In conjunction with the
increased number of patients with early-stage disease — due to the presence of the
thoracic surgery department — this cohort is representative of cases that have historically

been excluded from sequencing.

4.5.1.3 Reproducible, inexpensive bioinformatics pipeline

The bioinformatics pipeline | developed for this study is completely reproducible
for any Next-Generation sequencing data. Regardless of the sequencing platform utilized
— be it ThermoFisher or lllumina — a bioinformatician should be able to gain the same
additional insight into a cohort’s genomics assuming the VCF files are available. All code
for this project will be stored on a GitHub repository and freely accessible. GitHub is a
platform commonly used by developers to create, share and manage code. | was able to
utilize real-world clinical genomic data and the only major expense was one commercially
available laptop with no special modifications. All the software | used for the project was

publicly available.

4.5.2 Limitations

4.5.2.1 Comparison with the predecessor panel
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The retrospective nature of the study limits our understanding of the utility and
potential advantages of employing the extended 52-gene panel over the previously
employed 12-gene panel. However, the detection of actionable variants like MET offers
promise regarding the influence of the expanded gene panel on patient care. There is also
the question of access to targeted therapies. If a patient had received care during the era
of the 12-gene panel, there is no guarantee that they would have access to the same
treatments — particularly targeted therapies — that they were able to access in the period
that the study spanned. Although drugs such as Crizotinib have been available as early as
2011, they were initially only approved for ALK rearrangements and not MET variants

(Kazandjian et al., 2014).

4.5.2.2 Cohort size, diversity, and survival analyses

The results of this study are limited by the cohort size. Having only 344 patients
with available chart information significantly limited the power of the study. With the
most prevalent synonymous variant occurring a mere eight times in the cohort it is
unsurprising that none of the survival analyses had a high enough power when |

performed a post-hoc power analysis to instill confidence in the results.

The cohort exhibits limited diversity. Genetic alterations in NSCLC are known to
vary significantly across different regions, influenced by epidemiological factors such as
geography, ethnicity, smoking, or gender (Laguna et al., 2024). Consequently, the findings
from this cohort cannot be universally applied but rather serve to enrich the existing

knowledge base particularly for Western countries.
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4.5.2.3 Splicing predictors

The reliability of results in bioinformatics analysis is dependent on type and
number of tools used. For this analysis the only splice predictor available was SpliceAl,
which is unfortunate as it is advisable to utilize more than one predictor or algorithm
where available. One limitation of SpliceAl is that the delta score provided is the difference
between the score for the reference allele and the variant. This is a particular challenge
when the reference value is in the intermediate range of interpretation (0.2-0.8). Using a
threshold of 0.2 as recommended by the authors means that one may filter out variants
if the difference between the reference and variant allele is subtle and in the intermediate
range. To overcome this, the authors provide a visual interface (De Sainte Agathe et al.,
2023); however this is difficult to use when processing large volumes of variants such is

the case with this study.

SpliceAl also utilizes a neural network for its predictions, meaning that
understanding how it scores a variant can be a black box. The algorithm is trained on data
from GENCODE. The benefit of being trained on data from GENCODE is that there is a
particular focus on manual validation. This is useful because if one exclusively used data
that was generated computationally and may have been subject to coding errors, the
generated computational output of SpliceAl would further propagate the errors. In short,
the algorithm is only as good as the data it is trained on. Since the inception of SpliceAl
the algorithm has been retrained for deficiencies with a particular focus on including more

manually validated splice sites and excluding unverified splice sites (Strauch et al., 2022).
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SpliceAl was developed with splice site recognition and intron-exon boundaries
and does not explicitly account for branch points and therefore may not fully capture
variants in this region. Branch points are critical sequences within the intron that interact
with the spliceosome. Variation at the branch point could disrupt interaction with the
spliceosome, potentially leading to improper spliceosome assemble resulting in aberrant

splicing.

These issues with the algorithm are not exclusive to SpliceAl, hence the importance of
utilizing multiple predictors. The development of more splicing prediction algorithms that

evaluate variants regardless of consequence terms defined would be of benefit.

4.5.2.4 Pathogenic predictors

Fortunately, there are more predictors available when accessing pathogenicity. A
total of three tools were utilized. Unfortunately, only one predictor utilized — Cscape —was
specific to pathogenicity in cancer. This was a significant limitation of the study. It would
be a benefit if more pathogenicity predictors were specific to cancer or possibly provided
two scores, one for pathogenicity in cancer and the other for general pathogenicity. This
way, variants could still be identified that are pathogenic for certain diseases and impact

survival but may not be involved in cancer pathogenesis.

4.6 Future work

It would be of great benefit to validate this bioinformatics approach in an

independent cohort, ideally one which uses a Next-Generation Sequencer and reporter
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different from ours. This would further confirm that the variants identified are not artifacts
of the sequencer. In an ideal world a patient’s normal tissue would also be sequenced and
analyzed to confirm that the variants identified are specific to the tumour. This technique
is known as tumour-normal sequencing and is becoming more significant in cancer care

(Mandelker & Ceyhan-Birsoy, 2020).

As | only focused on synonymous mutations, future work could use this data and
a similar workflow to look at non-coding regions such as introns and regulatory elements.
In future studies | would also recommend replicating this analysis on larger cohorts such

as The Cancer Genome Atlas.

| present a list of synonymous variants with their associated predicted impact on splicing
and possible pathogenicity. | suggest that further work should focus on the nine variants

in classes |, I, and Ill particularly, those involved in the MAPK/ERK and PI3K/AKT pathways.

With the genetic sequencing of cancers becoming rapidly commonplace, the
potential for impactful research is plentiful. Continued collection of genomic sequencing
will provide enormous repositories and allow for greater statistical power and more
meaningful results. The increasing number of in silico methods for elucidating variants
makes much of this research possible even in smaller centres such as ours. Data sharing
agreements between institutions could also allow for independent validation of variants
of interest, adding to their validity. In the future it is possible that all NGS sequencing
undergoes as in-depth of an analysis as performed in this study, hopefully allowing

patients more insight and resources for their disease.
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Appendix A — Synonymous variants
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Appendix B — Schoenfeld residuals

Overall survival

Beta(t) for smoking history

Beta (t) for age at diagnosis
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Figure B1: Shoenfeld residuals for significant variables in overall and progression-free

survival which do not violate the proportional hazard assumption.
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