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Abstract

In the past two decades, advancements in cancer genetics research have significantly enhanced our
molecular comprehension of human cancers. This progress has led to the development of improved
clinical tools for the precise diagnosis, prognosis prediction, and tailored treatment of cancers.
However, the predominant focus of this research has been on individuals of European ancestry,
inadvertently marginalizing the diverse genetic landscapes represented by other ethnic populations.
Given minor differences in the genetic makeup across diverse ethnicities, specific cancer genetic

variants prevalent in certain ethnic groups may remain overlooked within the current research.

Some studies have indeed illuminated nuanced distinctions in the genetic architecture of cancers
among patients of varying ethnic backgrounds. Disparities in cancer incidence and outcome between
patients of different ethnicities have also been identified. These distinctions stem from a
combination of environmental and biological factors, collectively shaping the intricate interplay of
cancer genetics and its clinical manifestations. This study endeavours to elucidate clinically
significant disparities in lung adenocarcinoma (LUAD) genetics across distinct ethnicities, particularly
focusing on African ancestry (AA) and European ancestry (EA) populations. A meticulous comparison
of genetic traits within LUAD cells derived from these ethnic groups is conducted to pinpoint genetic

variances that hold potential biological relevance.

Leveraging data from The Cancer Genome Atlas' lung adenocarcinoma (TCGA-LUAD) study, samples
were stratified based on self-reported racial classifications into African ancestry (AA) and European
ancestry (EA) groups. Propensity score matching (PSM) was meticulously employed to mitigate
disparities in crucial clinical attributes, ensuring a balanced basis for subsequent genetic
comparisons. A total of 147 EA and 49 AA samples were extracted following PSM, forming the basis
for comprehensive comparisons of gene expression, copy number alterations, and mutation

frequencies between the two ethnic cohorts.

Key genetic disparities between the two groups were discerned, including 371 significantly
differentially expressed (SDE) genes, a higher incidence of copy number alterations in the AA group
compared to the EA group, and 101 genes exhibiting varying mutation frequencies between the two
groups. An analysis of the biological functions impacted by these genetic variances revealed
involvement in critical processes such as cellular response to xenobiotics, hormone metabolism and
regulation, mitochondrial energy production, and epithelial-mesenchymal transition. We posit that
clinically relevant biological distinctions in LUAD tumours between AA and EA patients stem from
differential expression and mutations in genes encoding pivotal proteins such as UDP

glucuronosyltransferases and cytochrome P450s, among others. Variations in the sequence and



expression of these genes can significantly influence drug response and hallmark cancer cell

characteristics, including energy production and epithelial-mesenchymal transition.

Despite the limitation of a relatively small sample size, this study illuminates genetic disparities that

underpin clinically significant differences in tumour biology between LUAD patients of African and

European ancestry.
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1. Literature Review

1.1 Lung Cancer

Cancer is the second leading cause of death worldwide (after cardiovascular disease) (“WHO cancer
fact sheet,” 2022). Therefore, scientific research into the causes, diagnosis, and progression of
cancer is a major focus. Cancer results from the transformation of normal cells into malignant cells,
through gene alterations that affect essential cellular processes like cell growth and division (Ponder,
2001). Genetic changes linked to cancer arise from the interplay between genes and their
surrounding environment. Carcinogens, which can trigger cancer development, are environmental
factors that can be physical (like ultraviolet and ionizing rays), chemical (such as asbestos, alcohol, or
tobacco smoke), or biological (like infections from viruses, bacteria, or parasites) (“NIH About

Cancers: Understanding Cancers,” 2022; “WHO cancer fact sheet,” 2022).

Within the realm of cancers, lung cancer ranks second in prevalence and records the highest death
rate, with only 19% of patients surviving beyond five years. There are two primary classifications of
lung cancer: non-small cell lung cancer (NSCLC), accounting for 85% of diagnoses, and small-cell lung
cancer (SCLC), representing the remaining 15% (Fig 1.1). NSCLC can be further categorised into three
histological variants: large-cell lung cancer, squamous-cell lung carcinoma, and lung adenocarcinoma

(LUAD). (Herbst et al., 2008; Schabath and Cote, 2019).

Lung cancer histologic categories Non-small cell lung cancer subtypes

Others and not
otherwise
specified
20% Adenocarcinoma
40%

Non-small cell lung Large cell
carcinoma carcinoma

85% 15%

Squamous cell
carcinoma
25%

Figure 1.1. Distribution of NSCLC histologic types. Adapted from Schabath et al.

Some primary risk factors associated with the development of lung cancer include exposure to
tobacco smoke (including second-hand), radon gas, and asbestos, as well as a history of respiratory
ailments such as asthma, pneumonia and tuberculosis (Schabath and Cote, 2019). Over time,
interactions between lung cells and their environment, particularly the above-cited risk factors, can

induce genetic modifications, turning benign cells into malignant ones. These malignant cells divide



in a dysregulated manner and eventually form a tumour (Ponder, 2001). By pinpointing genetic
alterations linked to lung cancer incidence, prognosis, and treatment response, researchers have

enhanced the clinical screening and treatment approaches for lung cancer (Suti¢ et al., 2021).

1.2 Lung cancer genetics

The improvement of tools for detecting alterations in gene sequences, gene expression and protein
expression in cells has allowed for more specific characterisation of cancers. This improved
molecular characterisation of cancers can be considered alongside histology to better predict cancer
susceptibility, prognosis, and sensitivity to various treatment regimens. (Shames and Wistuba, 2014).
In this introductory section, we focus specifically on the genetic alterations linked to NSCLC as the
primary subject of this study, LUAD, falls under the NSCLC category. Here, we describe the tools
employed to identify cancer-associated genetic changes, highlight certain pertinent gene alterations

observed, and discuss the clinical relevance of several of these genetic changes.

1.2.1 Tools for genetic characterisation of cells

Genetic changes can happen in three primary ways: through the alteration of the DNA sequence
itself (genomic), changes in the regulation of gene expression (epigenetic), or changes in mRNA
expression or structure (transcriptomic). Each of these genetic changes can influence the protein
expression in cells, potentially transforming a normal cell into a malignant one (Climente-Gonzalez et
al., 2017; Li et al., 2015; Ponder, 2001). In our study, we focus on genomic and transcriptomic
modifications. Below, we provide a brief overview of the main tools employed by researchers to

gather genomic and transcriptomic data from cancer cells.

Genomic alterations, encompassing the deletion, addition, substitution, or translocation of single or
multiple DNA bases, are identified using DNA sequencing (DNA-seq) techniques. These techniques
include whole-genome sequencing, which examines the entire DNA sequence, whole-exome
sequencing that focuses on the coding regions, and single nucleotide polymorphism-based platforms
(McCarroll et al., 2008; Shendure and Ji, 2008). DNA-seq is a high throughput method capable of
sequencing the complete exome or genome from a sample, while single nucleotide polymorphism-
based platforms detect single nucleotide variations at specified DNA regions (McCarroll et al., 2008;

Shendure and Ji, 2008).

Transcriptomic (RNA) alterations — which involve changes in the rate of mRNA formation (gene
expression) or changes in the sections of a gene used to form mRNA (alternative splicing) - are
usually measured through high-throughput sequencing, microarray-based tools, or quantitative
reverse transcription polymerase chain reactions (qRT-PCR) (Gunaratne et al., 2012; Persson et al.,

2005; Provenzano and Mocellin, 2007; Slonim and Yanai, 2009; Wang et al., 2009). High-throughput
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sequencing technologies, like RNA-seq and MicroRNA-seq, are used to determine the nucleotide
sequence and abundance of all protein-coding and/or non-protein-coding RNA in the cell (Gunaratne
et al., 2012; Wang et al., 2009). Microarray-based tools use probes complementary to an RNA
sequence of interest to quantify its abundance (Slonim and Yanai, 2009). QRT-PCR uses reverse
transcription to convert RNA into complementary DNA (cDNA) , then infers the abundance of a
particular RNA sequence through the amplification and detection of its cDNA sequence (Persson et

al., 2005; Provenzano and Mocellin, 2007).

1.2.2 Genetic changes associated with non-small cell lung cancer (NSCLC)

Two categories of genes, tumour suppressors and oncogenic driver genes, play a role in the onset
and progression of cancer. Tumour suppressor genes help contain cell growth and proliferation to
within normal levels. Cells can become cancerous when these genes are rendered inactive due to
loss-of-function mutations and alterations. Conversely, oncogenes promote cellular growth and
proliferation in normal cells, but gain-of-function mutations or alterations leading to their
overexpression can predispose cells to become cancerous. Tumour suppressor genes whose
mutations have been associated with NSCLC include LKB1, RASSF1A, FHIT, CDKN2A, and TP53 (El-
Telbany and Ma, 2012; Herbst et al., 2008; Shames and Wistuba, 2014). Conversely, oncogenic driver
genes whose mutations are frequently associated with NSCLC include EGFR, KRAS, BRAF, PIK3CA,
ALK, RET and VEGF (El-Telbany and Ma, 2012; Herbst et al., 2008; Sinkala, 2023).

Over the past two decades, Improvements in the quality and cost of high-throughput transcriptome
sequencing have made it possible for researchers to associate certain transcriptome changes with
NSCLC. Chen et al. (2014) conducted a meta-analysis looking into gene expression changes
associated with LUAD cells, by comparing 783 LUAD samples to 127 normal samples, and found 11
genes that were significantly (FDR<0.00001) overexpressed in the LUAD cells. They highlighted PTK7
as particularly highly expressed and specific to LUAD. The alteration in the normal splicing of several
genes, including cyclin-D1, KLF6, VEGF-A, CD44, FHIT, BCL-X, and MET, has been shown to contribute

to the onset and progression of NSCLC tumours (de Fraipont et al., 2019).

Research into DNA sequence and RNA expression alterations continues, probing the mechanisms
that transform normal cells into malignant ones. As more data emerges, our understanding of lung
cancer's molecular nuances deepens, reinforcing specific lung cancer-associated genetic shifts,
unveiling new ones, and diminishing the importance of others. This cyclical progression in cancer

genetic research reflects the ever-evolving grasp of cancer genetics and its clinical implications.
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1.2.3 Clinical relevance of NSCLC genetic research

Various factors in the detection, treatment, and monitoring of NSCLC contribute to its poor survival
rate. For example, the diagnosis of NSCLC at a late-stage relative to other cancers and the resistance
to treatment that NSCLCs often develop. Foundational in dealing with these issues is improving the
molecular understanding of lung cancer. Research has shown that testing for lung cancer-associated
genetic variation in circulating genetic material and resected lung tissue can aid in early diagnosis,
prognosis forecasting, and formulating treatment plans for patients, thereby mitigating the disease's

typically high mortality rate.

1.2.3.1 Diagnosis of cancer

Diagnosis involves the detection and characterisation of a cancer. The early diagnosis of cancer is
important and can significantly improve clinical outcomes. Most lung cancer patients don’t display
noticeable symptoms (apart from coughing) during its initial stages (Restrepo et al., 2023). This
makes early diagnosis of lung cancer challenging. Currently, the initial detection of lung cancer in
patients is primarily done through imaging techniques such as a chest X-ray, computed
tomography(CT) and/or positron emission tomography-computer tomography (PET-CT) (Suti¢ et al.,
2021). Following the initial detection of cancer, the subsequent phase in diagnosis involves

characterising the specific nature of the cancer.

Characterisation involves determining the malignancy, histologic subtype, size, and cancer stage of
cancer. This is done by imaging, assessing morphology by histology and/or cytology, protein
biomarker identification, and genetic biomarker identification (Suti¢ et al., 2021). Morphology and
protein expression differences are the most popular means of differentiating between lung cancer
histologic subtypes. In instances where tissue samples are scarce or the cancer displays poor
morphological differentiation, merely evaluating the morphology and protein expression of the
cancer tissue might fall short of providing an accurate histologic subtype classification. This is where
the non-invasive and non-tissue-requiring method of using liquid biopsies can be useful in
characterising cancers. Liquid biopsies involve isolating and assessing any tumour-derived material
circulating in the blood or other bodily fluids. Liquid blood biopsies can contain circulating tumour
cells, exomes (with RNA from tumours), tumour associate proteins, and cell-free tumour-derived
genetic material such as circulating tumour DNA, micro RNAs and single-strand RNAs (Restrepo et
al., 2023) (Suti¢ et al., 2021). Among others, circulating protein biomarkers like CYFRA 21-1, CEA, and
CA125 are used individually or in combination for the detection of lung cancer via liquid biopsies
(Chen et al., 2015; Okamura et al., 2013; Rastel et al., 1994). The potential to use circulating tumour-
derived microRNAs for the detection and characterisation of lung cancer in the future is promising,

owing to their stability and research showing the capacity of miRNA signatures to differentiate
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between cancer patients, non-cancer individuals, and different lung cancer subtypes (Gao et al.,
2016; Gilad et al., 2012; Suti¢ et al., 2021; Wang et al., 2015; Weber et al., 2010). Although it’s a
promising tool, using microRNA and circulating microRNAs as a lung cancer diagnostic and
characterisation tool is not ready for clinical use. Research efforts toward standardising the type of
sample (serum vs. plasma) and sample preparation protocols, as well as larger scale validation of
potential miRNA biomarkers material is needed for the potential of this non-invasive diagnostic

biomarker to be realised (Restrepo et al., 2023).

1.2.3.2 Cancer therapies

Various anti-cancer treatments have been developed that target and neutralise the oncogenic gene
alterations responsible for tumour growth. These therapies have demonstrated efficacy in extending
the survival duration of cancer patients (Barbar et al., 2022; Suti¢ et al., 2021). Such targeted
therapies include the EGFR inhibitors erlotinib and gefitinib, as well as the ALK inhibitor crizotinib.
Other oncogenic gene alterations against which inhibitors have been developed include ROS1 gene
fusions, RET fusions, MET copy number amplification, and P1K3CA mutations. Since EGFR mutations,
as well as ALK and RET fusions, are amongst the more common genetic causes of LUAD, many clinical
guidelines recommend multigene testing for alterations in those genes and others for all LUADs in
order to identify the best therapeutic measures (Suti¢ et al., 2021). Similar genetic biomarker test
recommendations exist for the other lung cancer types. The genetically complex nature of NSCLC
tumours often makes them resistant to the targeted therapies meant to counteract the effects of a
particular cancer-related gene mutation to kill that cancer cell. Employing combined therapies,
which utilise multiple targeted gene treatments in conjunction with other treatments like
immunotherapy or chemotherapy, provides a more potent NSCLC treatment approach less
susceptible to resistance. The precision of targeted therapies that are tailored to an individual's
tumour enhances their effectiveness. Over time, more research to illuminate the genetic landscape
of cancer will improve cancer treatment by uncovering additional molecular targets that can be used

to kill cancer cells (Shames and Wistuba, 2014; Barbar et al., 2022)

1.2.3.3 Prognosis

Prognostic biomarkers are those which give insight into the likely clinical outcome for a patient. A
patient’s clinical outcome is often defined as the overall survival, progression-free survival, or
disease-free survival rate. Prognostic biomarkers are useful because they help anticipate different
outcomes for different groups of patients (Califf, 2018; Suti¢ et al., 2021).While prognostic
biomarkers can provide insights into potential patient outcomes, they do not gauge a patient's
response to treatment in the same way predictive biomarkers can. The routinely used biomarkers

for prognosis assessment include the T, N and M stage of cancer, and the performance status of a
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patient. Molecular prognostic biomarkers include proteins, genes, mRNA, and miRNA. For example,
Der et al. (2014) identified a 15-gene mRNA expression signature in early NSCLC tumour tissue that
was able to separate patients into high and low-risk subgroups based on their 5-year overall survival.
Roepman et al. (2008) developed a 72-gene mRNA expression signature that could differentiate
between patient tumours with high or low risk of disease recurrence after tumour resection; Kratz
et al. (2012) developed a 14-gene mRNA expression signature that was able to identify early stage
non-squamous NSCLC patients at high risk of mortality after surgical resection. The prognostic power
of these gene signatures is promising, but further validation is essential before they can be
translated into clinical tools. Some studies have singled out interesting genes as potential prognostic
markers, including p53 mutational status, which are associated with poor survival and increased
resistance to cancer therapy in NSCLCs (Gu et al., 2016; Xu et al., 2020). The overexpression of VEGF,
TUBB3 and Ki-67 have independently been associated with poor NSCLC prognosis (Reiman et al.,
2012; Wei et al., 2018; Zhan et al., 2009). Similar to the gene expression signatures, these genetic
prognostic biomarkers have yet to find clinical application, as substantial research is still required for

their validation.

1.3 Ethnic disparities in cancer genetic traits, cancer research, and cancer outcomes

1.3.1 Ethnic differences in cancer genetic traits

While the majority of alleles are common across population groups from diverse geographical
ancestries, subtle allele frequency variations across multiple genetic loci often distinguish these
groups (Rosenberg et al., 2002). It is therefore possible that the slight differences in the genomic
background and cancer-causing mutations of different populations may contribute to disparities in
cancer susceptibility, development, and outcome. Various studies have investigated the genomic
landscape of cancer (at a DNA, RNA, and epigenetic level) and how this might vary based on
ethnicity/genetic ancestry. Yuan et al. (2018) assessed the influence of genetic ancestry on genomic
alterations across ten cancer types with the use of genetic data from African ancestry (AA) and
European ancestry (EA) patients. The variations they noted between the groups across the cancers
included: distinct alteration frequencies in three focal somatic copy number changes; disparities in
alteration rates of five recurrently mutated genes (RMGs), a notably higher frequency of TP53
mutations in AAs, and a reduced mutation rate in the PI3K pathway for AAs. Ethnicity-based
differences in the frequency of chromosomal instability and alterations of recurrently mutated genes
were also observed at a cancer-specific level. Another pan-cancer study identified increased
microRNA expression levels in cancers from AA vs. EA patients (Lara et al., 2020). At a cancer-specific
level, investigations into genetic variations between AA and EA patients have been conducted for

several of the more common cancers, such as breast, lung, and prostate cancer (Araujo and
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Carbone, 2017; Bollig-Fischer et al., 2015; Keenan et al., 2015). These studies support the growing
body of evidence that there may be some genetic differences between cancers from patients of AA
and EA. In the following section, we delve deeper into intriguing studies on ethnicity-associated

variations in NSCLC genetics.

1.3.1.1 NSCLC genomics: insights into ethnic differences

Studies indicating a reduced incidence of documented oncogenic drivers in AA compared to EA
NSCLC patients (Steuer et al., 2016; Costa et al., 2021) have spurred further investigation into the
consistency of these differences and their potential influence on lung cancer outcome disparities
across ethnicities. Lusk et al. (2019) used a defined Sequenom Mass Array system, tissue staining (for
detection of ALK fusion) and real-time PCR (for copy number analysis of FGFR1) to test for the
presence of known driver mutations in NSCLC tissue from 193 AA patients. 34.2% (66/193) of the
AA’s tumours in this study harboured known pathogenic mutations. Another study that assessed the
presence of classic driver mutations in 260 AAs NSCLC patients found these mutations in only 23.5%
of the tumours (Araujo et al., 2015a). In both of these studies, the observed frequency of known
driver mutations detected in the AA group was lower than reported in EA NSCLC patients. Bollig-
Fischer et al. (2015) studied 335 EA and 137 AA Americans afflicted with NSCLC and found that
known driver mutations were carried in 32% of African Americans and 41% of European Americans.
Despite these differences in overall driver mutation burden between the two groups, the frequency
of EGFR, KRAS and PIK3CA driver mutations was similar in AA and EA patients (Araujo et al., 2015a)
(Bollig-Fischer et al., 2015).

Conversely, findings from certain studies indicate that there might not be a marked discrepancy in
the occurrence of mutations in oncogenic driver genes between EA and AA tumour specimens.
Araujo, Timmers, et al. (2015) tested for NSCLC-associated driver mutations in AAs using a custom
panel of 81 NSCLC-related genes. The driver mutation frequency among this NSCLC AA group was
compared with that of EAs in the TCGA database, revealing no significant differences. Additionally,
Campbell et al. (2017) analysed 504 cancer genes in 245 AA and 264 EA tumours, and found no
significant difference in the overall frequency of gene mutations and copy number changes between

the two groups.

Utilising gene panels to compare the frequency of known driver mutations associated with NSCLC in
AA vs. EA-derived tumours has sometimes unveiled a lower prevalence of driver mutations in the AA
group, while other times no significant difference was reported. Although much of the cancer-
related somatic driver mutation landscape is shared between AA and EA tumours, certain studies

have uncovered differences in potentially important oncogenes and tumour suppressors. For
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example, whole exome sequencing has revealed a significantly greater frequency of STK11 mutations
in AA NSCLC tumours (Arauz et al., 2020). SKT11 inactivation through mutations has been shown to
be a major driver of immune escape and resistance to anti-PD-L1 therapies in LUADs (Skoulidis et al.,
2018). The higher prevalence of STK11 mutations in AA compared to EA-derived tumours could
influence disparities in cancer development and response to treatment. Furthermore, utilising a
specific gene array to study known NSCLC-related driver mutations in AA patients, Lusk et al. (2019)
only found mutations in 66 out of 193 cases. After array analysis, whole exome sequencing on cases
without known driver mutations revealed that 50% had nonsynonymous mutations in driver genes,
predicted to be likely damaging and undetectable using a defined array. Furthermore, by whole
exome sequencing, the study found 88 genes significantly mutated among the AA NSCLC patients, 85
of which have not been previously identified as cancer driver genes. These findings indicate the
presence of novel oncogenic mutations in driver genes among AA NSCLC patients, as well as novel
potential oncogenic driver genes, that were previously unidentified in research focused mainly on EA

cohorts.

Several factors might explain the observed disparities in cancer genomics, for example: the smaller
sample size of AA participants in many studies, and potential nuances in the oncogenic driver
landscape of AA patients that aren't adequately captured in current NSCLC gene lists and arrays
predominantly based on EA patients. Comprehensive whole-genome sequencing on a larger cohort
of AA NSCLC patients could unveil previously unidentified non-synonymous mutations in known
oncogenic driver genes and even reveal new driver genes. Over time, such endeavours will enrich
the representation of AA derived data in cancer genetics databases and enhance our comprehension

of cancer genetics across various ethnic backgrounds.

1.3.1.2 NSCLC transcriptomics: insights into ethnic differences

In a seminal study, Deveaux et al. (2021) used an Affymetrix Human Clarion D Array to assess
transcriptome-wide differential expression and differential splicing of genes in lung squamous cell
carcinoma (LUSC) tissue from 21 AA and 20 EA patients. The study identified 4829 differentially
spliced genes (DSGs), 267 differentially expressed genes (DEGs), and 208 genes that were
differentially expressed and differentially spliced between the AA and EA groups. These ethnicity
related DSGs and DEGs were validated using The Cancer Genome Atlas (TCGA) database. The study
discovered and validated that CRADD, LYRM1 and OAS2 splice variants were much more prevalent in
AA vs. EA patients. In addition, some DSGs previously identified as cancer-related were found to be
differentially spliced between the groups. Among others, these included MET, PTEN, and BCL2. In
total, 11% of the validated DEGs and 18% of the DSGs have been previously implicated in cancer. The

researchers found that 355 of the race-related splicing events, and 18 of the race-related
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differentially expressed genes were potentially associated with overall survival in lung squamous cell

carcinoma patients.

In another study, Mitchell et al. (2017) investigated mRNA and miRNA expression differences in 22
AA vs. 19 EA NSCLC patient tumour tissues. Differential expression of mRNA and miRNA was
independently assessed between tumour cells and adjacent normal cells for both AA and EA
samples. While there was considerable overlap in DEGs between the two groups, 637/3500 and
1844/4797 coding genes were distinctly and significantly differentially expressed (SDE) in AA and EA
samples alone, respectively. DEGs from tumours in the AA population were enriched in stem cell and
invasion pathways, while those from the EA population were enriched in proliferation, cell cycle, and
mitosis pathways. The study also validated the differential expression of a few genes previously
shown to be differentially expressed between AA and EA tumours in other cancers. Connectivity
Map software (Lamb et al., 2006) was used to predict drug response in AA and EA patients by
assessing their gene expression profiles. An inverse relationship to drug response between AA and
EA patients was predicted for 53 drugs. For these 53 drugs, AA individuals were predicted to be
resistant, while EA individuals were predicted to be sensitive. With respect to the non-coding region
of the transcriptome, 7 miRNAs were differentially expressed in the AA group only, while 10 miRNAs
were differentially expressed in the EA group only. The researchers hypothesize that the observed

race-specific mMRNA expression may be driven, in part, by race-specific miRNA expression.

From surveying the available literature, these (Deveaux et al., 2021; Mitchell et al., 2017) were the
only studies which primarily focused on comparing NSCLC global gene expression (alongside
alternative splicing and miRNA expression) between AA and EA patients. These studies point toward
ethnicity-based differences in transcriptomic traits like the mRNA expression, alternative splicing,
and miRNA expression of NSCLC tumours. Studies looking into these types of transcriptomic
variations in NSCLCs between ethnic groups, with greater sample sizes and statistical power, will
provide valuable insight into population-level variation in cancer genetics, which could prove

clinically relevant.

1.3.2 Disparities in representation in research

Cancer genetic research has proved to be a valuable tool in illuminating our molecular
understanding of cancers and our ability to better treat cancer in a patient-specific way. An
assessment of the cancer genetic research databases and studies reveals a bias toward European
ancestry (EA) samples and an underrepresentation of African Ancestry (AA) samples and other
ancestral (ethnic) groups. Large genomic databases like TCGA, the Genome-Wide Association Study

Catalogue (GWAC), and the database of Genotypes and Phenotypes (DGP) are used to identify
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relevant cancer-related gene mutations. A look at the research studies that comprise the GWAC and
DGP databases reveals an underrepresentation of genomic cancer studies involving individuals of AA
and other non-EA ethnic groups (Landry et al., 2018). A similar pattern can be seen in the TCGA
database, where Spratt et al. (2016) investigated the genomic data of 10 common cancers and found
that 77%, 12% and 3% of the samples were from European, African, and Asian ancestry populations,
respectively. Within the assessed cancer studies from the TCGA database, the absolute size of
African ancestry and Asian ancestry populations is often inadequate for use in detecting even
relatively common somatic mutations specific to those underrepresented groups (Spratt et al.,
2016). The inadequate representation of the diversity that exists globally in cancer genetic research
means that our understanding of cancer genetics is largely biased toward cancer genetic information
from samples of European Ancestry. Improving the representation of African ancestry, Asian
ancestry, and other groups in cancer genetics studies will ensure that more individuals can benefit

from advancements in cancer diagnosis, prognosis, and treatment.

1.3.3 Disparities in cancer outcomes

For many cancer types, studies have identified interesting differences in incidence, aggressiveness,
and mortality of cancers between different ethnic groups (Zavala et al., 2021). These result from
differences in a combination of factors such as access to healthcare, socioeconomic status,

socioenvironmental conditions, behavioural factors, and biological factors.

Individuals of EA have been shown to have the highest breast cancer incidence (136.3/100000),
followed by AA(128.3/100000), then Asian and pacific islander ancestry individuals(102.9/100000)
and Hispanic individuals (98.5/100000) (“Cancer of the Breast (Female) - Cancer Stat Facts,” n.d.).
Regarding the aggressiveness of cancer, women of AA are twice as likely to be diagnosed with
aggressive triple-negative breast cancer than women of EA (Newman and Kaljee, 2017). In the case
of prostate cancer, a study in the USA revealed that AA men have a 73% higher incidence and a two
times higher mortality rate than EA men (Siegel et al., 2022). For lung cancer, amongst males, those
of AA have the highest incidence (68.3/100,000), followed by males of EA and other ancestral groups
(61.5-31.8/100,000). Among females, the highest incidence is among those of EA (52.7/100,000),
followed by those of AA and other ancestral groups (44-22.3/100,000)(“Cancer of the Lung and
Bronchus - Cancer Stat Facts,” n.d.). After an analysis of almost 5,000 lung cancer cases in the USA,
Stram et al. (2019) found that among patients with lower smoking intensities (10 cigarettes per day),
Native Hawaiians and African Americans were at higher risk of smoking-related lung cancer than
White Americans, Japanese Americans and Latinos. Research has also found ethnicity-based
disparities in cancer incidence and outcome for colorectal, pancreatic, gastric, leukaemia, and liver

cancer, among many others (Zavala et al., 2021).
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More broadly, A pan-cancer study (Lara et al., 2020) looking at slightly more than 2 million patients
from the Surveillance Epidemiology and End Results Database (SEER) as well as the National Cancer
Database (NCDB) found that for 21 cancers, African American patients had an increased risk of death
when compared to European American patients. This difference in risk of death between the ethnic
groups persisted after controlling for environmental factors such as socio-economic factors, access
to health care, and insurance status. The result supports the growing body of evidence that
alongside differences in environmental factors, biological differences in cancers between ethnicities
may significantly contribute to the sometimes-observed disparate aggressiveness and outcomes of

cancer between different ethnic groups.

The interplay between environmental and biological factors and how these may contribute to cancer
health disparities is a complex multi-trait question. Work looking into both environmental and
biological factors contributing to these differences will improve our overall, as well as our

population-specific, understanding of lung cancer.

1.4 Importance of representative genetic research/ consequences of non-rep cancer

genetics research

Advancements in cancer genetic research have improved our molecular understanding of cancer.
These advancements provide clinically relevant insight to improve diagnosis, prognosis, treatment
development and treatment recommendation. However, due to social, logistical, and historical
reasons, most of this cancer genetic research has been done on patients of European ancestry. The
differences in genetic architecture between groups of different ancestry, because of natural
selection acting on independent alterations to their genome (resulting from processes like genetic
drift and bottleneck effects) over generations, means that the association or the strength of an
association of a genetic variant to a phenotype may not always be transferable between populations
(Sirugo et al., 2019). Therefore, polygenic risk scores, diagnostic gene signatures, and genetic
predictors of drug response developed from studies in one ethnic group may not be as applicable to
other ethnic groups (Woijcik et al., 2019). This limits the transferability of cancer genetic insights

between different ethnic groups.

For the knowledge and clinical benefits of cancer genetic research to benefit the diverse groups of
people globally, more genetic research involving patients of African ancestry, Asian ancestry and
other underrepresented groups is needed. Understanding the genetic differences and commonalities
between these different ancestral groups increases the power to identify novel disease-associated
variants on a global and population-specific level and develop more representative and applicable

clinical tools for personalised cancer treatment. Such representative cancer genetic research may
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also help understand and mitigate the disparity in cancer incidence and outcomes between different

ancestral groups.

1.5 Study aims and objectives

Comparative research outlining similarities and differences in cancer associated genetics between
different ethnic groups is an important first step in developing a more representative molecular
understanding of cancer. Toward this end, this study aimed to identify what clinically relevant
genetic differences exist between LUAD cells derived from patients of African and European

ancestry.

More specifically, the objectives of the study were to identify whether any differences in gene
expression, copy number alteration and mutations exist between LUAD cell samples derived from
patients of African and European ancestry. We hypothesized that there will be differences observed
in the expression of genes between the two groups. We also hypothesized that there will be a
greater frequency of copy number alterations, and mutations among the AA group than the EA
group, as AA individuals have been observed to have a greater diversity of single nucleotide
polymorphisms and genetic variation in their genomes that EA individuals (Hughes et al., 2008). After
comparing gene expression, copy number alterations, and mutations between the two groups we
identified what molecular processes the observed genetic differences were associated with, and
what clinical relevance they may have. All genetic and clinical data used in this study was derived

from the TCGA database.
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2. Data Source and Selection

2.1 Introduction

Observational studies that look to associate genetic variations with certain phenotypic traits have to
account for differences in environmental and clinical characteristics between the treatment and
control groups, in order to be confident in the identified associations. Methods such as regression
analysis and propensity score matching (PSM) are popular methods for achieving such balance

(Amoah et al., 2020).

This study aims to identify whether any interesting genetic differences exist between LUAD tumours
from African ancestry (AA) and European ancestry (EA) patients. It is therefore imperative to
minimize clinical differences between the two sample groups, in order to enhance the reliability of

our findings.

In this chapter, we explain where and how we obtained the samples for this study, and how PSM

was used to balance out the distribution of clinical variables between the two groups.

2.2 The Cancer Genome Atlas (TCGA)

TCGA is a public project that aims to facilitate the discovery and validation of cancer-associated
genetic traits (Tomczak et al., 2015). Toward this end, TCGA brings together several cooperating
centres that work to enrol eligible cancer patients, collect biological specimens (blood and tissue)
and clinical information, process samples and validate quality; and obtain molecular analytes for
genomic characterization and high throughput sequencing. The generated data is then available to
the research community and Genome Data Analysis Centres. Genome Data Analysis Centres provide
tools for the processing, analysis, and visualisation of the data. For the research community, the data
is also publicly accessible through free access databases like the National Cancer Institute’s Genomic
Data Commons portal and the FireBrowse data portal (“FireBrowse,” n.d.; “GDC,” n.d.; Heath etal.,
2021). This allows the research community to easily access the data and implement novel analyses

that can contribute to cancer genetic research.

The TCGA has data from over 10,000 cancer patients spanning 33 cancer types. Alongside the clinical
information collected for each patient, DNA, RNA, and proteins are isolated for genomic,
transcriptomic, epigenetic and proteomic analysis using various ‘omics’ platforms (Tomczak et al.,

2015).
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2.2.1 Downloading and initial filtering of data

Data from the TCGA-LUAD study contained clinical and molecular information for 566 LUAD patients
(Collisson et al., 2014). Subsets of the TCGA-LUAD study samples and their clinical and molecular
information were used for all the analyses performed in this study. Approval for this study was
obtained from the Human Research Ethics Committee of the University of Cape Town (HREC

reference number: 523/2022).

In this chapter, clinical data for samples of the TCGA-LUAD study (version 2016_01_28) was
downloaded from the Broad Institute of Harvard and MIT's FireBrowse data portal

(http://firebrowse.org). The data was then handled using R Studio (version 4.2.1).

Samples of the downloaded TCGA-LUAD data were filtered in 4 steps. Firstly, only samples for which
patients had self-reported their race to be “black” or “white” were kept, leaving 393 white samples
and 53 black samples. This study refers to self-reported white and black patient samples as
European ancestry (EA) and African ancestry (AA), respectively. Secondly, to ensure that only
samples for which gene expression can be compared are used, only samples that had read count
data from gene expression analysis were kept, leaving 389 EA and 52 AA samples. Thirdly, only
samples with clinical information on age, gender, tobacco smoking history, T pathologic stage, N
pathologic stage and M pathologic stage were kept, leaving 371 EA and 49 AA samples. Finally, only

the samples obtained after PSM (which is outlined in the subsequent section) were retained.

2.3 Propensity score matching (PSM)

2.3.1 Defining and understanding PSM

In any experiment, the goal is to ascertain if a specific treatment causes a particular outcome by
examining if there's a significant difference in results between a treatment and a control group. To
confidently attribute the observed difference in outcome to the treatment, it's essential to minimise
the possibility that other differences between the treatment and control groups are influencing the
results. In a randomised control trial, the assignment of participants to the treatment and control
group is random. This randomization balances the distribution of clinical traits between the two
groups, minimizing confounding factors in the experiment. With observational studies, the
assignment of a sample to a treatment or control group is not random but is instead based on a
certain feature (clinical characteristic) of the sample. This non-random treatment assignment
increases the likelihood that other associated features will differ between the two groups and,
therefore, have a confounding effect on the observed outcome. With observational studies,

minimising the confounding effect of certain features on the outcome is necessary.
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A popular method for minimizing the effect of confounding variables in observational studies is PSM.
Rosenbaum and Rubin (1983) define the propensity score as the probability of treatment
assighment, conditional on the selected baseline characteristics. The closer the propensity scores of
the two samples are, the more similar their baseline characteristics. PSM involves forming matched
sets of treatment and control samples with similar propensity scores. By ensuring the propensity
scores of samples in the treatment group are similar to those in the control group, PSM minimizes
the confounding effect of the considered clinical characteristics between the two groups (Austin,
2011). During PSM, each treatment group sample is matched to a specified number of samples (one
or more) from the control group with a similar propensity score. Greedy and optimal matching are
the two main types of PSM techniques. With greedy matching, a treated sample is selected
randomly and matched with the specified number of control samples with a propensity score closest
to it. This is done until all the treated samples have been matched with control samples or until no
more control samples are available for matching. This matching technique is called greedy because
at each step, once a sample of the treatment group is matched with samples of the control group,
the matched control group samples cannot be matched to any subsequent treatment group sample
even if they have closer propensity scores. Optimal matching, on the other hand, performs matching
between the treatment and control group to minimize the sum of differences in the propensity score
between the matched treatment and control samples. There is not much difference in the ability of
these two methods to minimize the difference in clinical characteristics between a treatment and

control group by matching (Gu and Rosenbaum, 1993).

To minimise the cofounding effect of clinical variable in this study, PSM was selected over other
propensity score-based techniques and traditional logistic regression analysis. Firstly, PSM was
selected because propensity score-based methods have been shown to produce similar and
sometimes better correction of confounding variables than traditional logistic regression
analysis(Amoah et al., 2020). Secondly, PSM in particular was selected over other propensity-score
based methods due to its proven effectiveness in balancing the confounding of multiple clinical traits
between groups and the relative simplicity of applying a PSM based approach (Reeve et al., 2008).
Despite the relative simplicity of applying PSM, a downside to using this technique is the reduction in
the sample size. When dealing with small sample sizes, propensity score-based methods such as
propensity weighting or covariate adjustment using the propensity score are viable methods to
consider, as they do not lead to sample size reduction(ROSENBAUM and RUBIN, 1983; Weeks et al.,
2015). Despite the reduction in sample size associated with PSM, it was chosen for this study due to
its proven effectiveness in balancing clinical characteristics in observational studies, and the relative

ease implementation.
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2.3.2 Selecting and executing a PSM technique

To begin with, in order to minimise the difference in some important clinical variables between the
African ancestry (AA) and European ancestry (EA) samples, the extent to which some clinical
variables differ between the two groups was determined. Six clinical variables were considered,
namely age, gender, and tobacco smoking history of patients, as well as the T pathologic stage, N
pathologic stage and M pathologic stage of their tumours. The T, N and M pathologic stages are
categorical variables describing the anatomy of a tumour (American Joint Committee on Cancer,
2002). Finally, the different PSM techniques were compared so that the one that provided the best

balancing of the considered clinical variables between the two groups could be selected.

To begin with, tests for any statistically supported difference between the AA and EA groups of the
unmatched cohort in any of the 6 considered clinical variables were performed. The resulting p-
values supported the null hypothesis that within the unmatched cohort, there is no difference in sex,
pathologic T stage, pathologic N stage and pathologic M stage (p-value >0.05) between the AA and
EA groups. However, for age and tobacco smoking history, the null hypothesis was rejected (p-
value< 0.05), indicating a statistically supported difference in these clinical variables between the

two groups (Table 2.1).

To neutralise the observed difference in age and tobacco smoking history between the two groups,
six PSM techniques were evaluated to determine which would be most effective. More specifically,
1:2, 1:3 and 1:4 optimal PSM were performed, each matching one AA patient with two, three or four
EA patients respectively. These matching techniques were each performed in two ways, either with
age and tobacco smoking history being used to calculate propensity scores, or with all the six clinical
variables (age, sex, tobacco smoking history, pathologic T stage, pathologic N stage, and pathologic
M stage) being used to calculate propensity scores. When matching AA samples to EA samples, PSM
considered age to be a discrete variable, and all the other five clinical characteristics (sex, tobacco
smoking history, pathologic T stage, pathologic N stage, and pathologic M stage) to be categorical

variables as they appear in Table 2.1.

Of these 6 PSM techniques, 1:3 optimal PSM with 6 clinical variables provided the best balancing of
clinical variables between the EA and AA groups. This PSM technique produced AA and EA groups
with less difference in age and tobacco smoking history (based on the p-value) than all the other
matched cohorts, as well as the unmatched cohort (Supplementary tables 1 and 2). To further
assess the effectiveness of different propensity matching techniques in balancing clinical variables
between the two groups, the mean p-values from statistical tests examining differences in clinical

variables between the AA and EA groups for each technique were computed. The bar chart in Figure
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2.1 shows that the 1:3 PSM technique with 6 clinical variables had the highest average p-value when
comparing all the techniques. Based on this, it was inferred that this matching technique best

balances clinical variables between the two groups.

In summary, of the six clinical characteristics we evaluated, only two —age and tobacco smoking
history—met the criteria for confounding between the two groups, evidenced by a p-value < 0.05
after testing for differences in the clinical trait between the two groups. The best PSM method for
minimising the confounding effect of age and tobacco smoking history between the two groups was
determined by comparing the statistical differences in each of the six considered clinical variables
between the two groups after PSM was performed. Among the six PSM methods compared in this
study, the one deemed most effective resulted in an increase in the p-values of age and tobacco
smoking history to greater than 0.05 and provided the highest p-value mean of the six considered
clinical variables after PSM (Figure 2.1, Supplementary Table 1, Supplementary Table 2). Based on
these criteria for minimising the likelihood of confounding between the two groups, 1:3 propensity
score matching using all the six considered clinical variables was selected as the best matching
technique. We, therefore, decided to use 1:3 propensity-matched samples (matched using 6 clinical

variables) for all downstream analyses that followed.
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Table 2.1. Clinical traits of samples before and after 1:3 PSM. The displayed p-values are from statistical tests performed
to determine whether the null hypothesis that there is no difference in the distribution of a particular variable between the
two groups is supported. For age, the p-value was determined using the Wilcoxon Rank Sum test. For all the other variables

the p-values were determined using the Chi-squared test.

Unmatched Cohort 1:3 Matched cohort
AFR EUR P-value AFR EUR P-value
Ancestry Ancestry Ancestry Ancestry
Patients | 49 (11.7%) 371 (88.3) 49(25%) 147(75%)
Age (mean) 60 65.8 0.0003 60 60.2 0.93
Sex 0.98 1
Male | 21(42.9%) 164(44.2%) 21(42.9%) 62(42.2%)
Female | 28(57.1%) 207(55.8%) 28(57.1%) 85(57.8%)
Pathologic T 0.613 0.95
stage
T1 | 22(44.9%) 135(36.4%) 22(44.9%) 60(40.8%)
T2 | 20(40.8%) 191(51.5%) 20(40.8%) 66(44.9%)
T3 | 6(12.2%) 33(8.9%) 6(12.2%) 17(11.6%)
T4 1(2%) 10(2.7%) 1(2%) 4(2.7%)
TX 0 2(0.5%) 0 0
Tobacco 0.016 0.72
smoking history
1 3(6.1%) 60(16.17%) 3(6.1%) 14(9.5%)
2| 17(34.7%) 83(22.4%) 17(34.7%) 54(36.7%)
3| 10(20.4%) 100(27%) 10(20.4%) 25(17%)
4| 17(34.7%) 126(34%) 17(34.7%) 52(35.4%)
5| 2(4.1%) 2(0.5%) 2(4.1%) 2(1.4%)
Pathologic N 0.63
stage 0.98
NO | 29(59.2%) 253(68.2%) 29(59.2%) 84(57.1%)
N1 | 12(24.5%) 59(15.9%) 12(24.5%) 35(23.8%)
N2 7(14.3%) 50(13.5%) 7(14.3%) 25(17%)
N3 0 1(0.3%) 0 0
NX 1(2%) 8(2.2%) 1(2%) 3(2%)
Pathologic M 0.178 0.71
stage
MO 25(51%) 241(65%) 25(51%) 82(55.8)
M1 2(4.1%) 16(4.3%) 2(4.1%) 9(6.1%)
MX | 21(42.9%) 112(30.2%) 21(42.9%) 55(37.4%)
Unknown 1(2%) 2(0.5%) 1(2%) 1(0.68%)
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Figure 2.1. Mean of p-values from statistical tests comparing the difference in clinical variables between EA and AA
groups for each PSM technique.

2.4 Discussion

In this section, we detail the process of downloading and filtering the samples used for all
subsequent analyses in this study. The main component of this filtering of samples was PSM which
aimed to minimize clinical differences between the self-reported AA and EA groups. A comparison of
different PSM techniques revealed that 1:3 optimal PSM, which considered 6 clinical variables (age,
gender, tobacco smoking history, and the tumours T Stage, N stage, and M stage), provided the best

balancing of clinical variables between the two groups.

Following the application of the 1:3 PSM, 147 EA and 49 AA samples were selected, with no
statistically significant differences observed in the six evaluated clinical characteristics. Although it is
impossible to account for all the clinical and environmental factors that may differ between the two
groups, we felt that ensuring a balanced distribution of the selected 6 variables would help minimize
important biological and tumour differences between them. This is because patient age and tobacco
smoking history are primary contributors to lung cancer incidence and mortality , and the TN and M
stages of cancer define the stage and aggressiveness of a cancer (American Joint Committee on
Cancer, 2002). These characteristics are therefore useful to consider when balancing differences in
patient characteristics and tumour biology between samples. By limiting the difference in important

clinical characteristics between the two groups, we maximised the likelihood that any differences in
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genetic traits that may be observed in downstream analyses, were indeed a result of differences in

ethnicity between the two groups.

Some limitations exist in selecting the 49 AA and 147 EA matched samples we used for downstream
analysis. Firstly, the prevalence of genetic admixture within populations means that self-reported
race sometimes doesn’t align well with one’s genetic ancestry. When trying to find associations
between genetic ancestry and a particular phenotype, using ancestry informative genetic markers is
a more reliable way of separating individuals by genetic ancestry than self-reported race (Mersha
and Abebe, 2015). We categorised samples based on self-reported race. Employing ancestry
informative genetic markers might offer a more accurate method for this categorisation and enable
a more precise correlation of genetic differences with genetic ancestry. Secondly, although we
managed to minimise the difference in important clinical variables between the two groups, the
absence of patient environmental conditions and exposures prevented us from being able to
minimise certain important environmental differences between the two groups that might

contribute to differences in tumour genetics (i.e., socio-economic status, access to healthcare etc.).
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3. Differential Expression and Enrichment analysis

3.1 Introduction

Gene expression analysis can provide useful information on the up and down-regulation of
important molecular pathways and functions in cancer cells. Assessments of gene expression
differences between samples of AA and EA have been used to better illuminate ethnicity-based
differences in the molecular nature of multiple cancers such as breast, kidney, brain, prostate, and
lung cancer (Deveaux et al., 2021; Krishnan et al., 2016; Mitchell et al., 2017; Ping et al., 2020; Wu et
al., 2019; Yuan et al., 2020).

Research looking at differences in lung cancer genetics between tumours of AA and EA has
predominantly looked at DNA-based differences and not as much at gene expression-based (RNA
abundance or transcriptome) differences. Only 2 studies have primarily focused on identifying
differences in gene expression between the two groups. Deveaux et al. (2021) pinpointed genes that
exhibited differential expression and splicing patterns in lung squamous cell carcinoma tumours
from AA and EA patients. Of the identified genes, they highlighted 853 out of 4829 differentially
spliced genes (DSGs) and 29 out of 267 differentially expressed genes (DEGs) as likely contributors to
cancer progression. Mitchell et al. (2017) independently examined differential gene expression
between NSCLC tumour cells and adjacent normal cells from samples of AA and EA. Among the DEGs
associated with tumour development, in samples of AA, stem cell and invasion pathways were
enriched, whereas in samples of EA proliferation, cell cycle and mitosis pathways were enriched. In
addition, drug response differences between AA and EA patients were predicted based on the

differences in the gene expression profiles of their tumours.

With the advancement of cancer genetics research, the utility of transcriptome profiles in
characterising the molecular nature of patient tumours continues to increase. The paucity of NSCLC
transcriptomic profiles from patients of AA limits the extent to which this group can benefit from the
advances in the clinical handling of NSCLC stemming from NSCLC transcriptomic research.
Developing an understanding of the subtle differences in NSCLC gene expression between samples
of AA and EA is useful in facilitating “diversity-aware” genetic research (Sirugo et al., 2019; Woijcik et
al., 2019). In this chapter, we explored the variations in gene expression between LUAD samples
from AA and EA individuals. Through enrichment analysis, we aimed to decipher the potential

molecular and clinical ramifications of the identified differential gene expression.
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3.2 Methods

3.2.1 Downloading raw count RNA-Seq data
Raw RNA-Seq count data from the TCGA-LUAD study, was downloaded from the Broad Institute of

Harvard and MIT’s FireBrowse data portal (http://firebrowse.org/). More specifically, the

“illuminahiseq_rnaseqv2-RSEM_genes” file was downloaded. From this file, raw RNA-Seq count data
from the 1:3 propensity score matched samples (49 AA and 147 EA) were isolated and used

downstream for differential gene expression analysis.

3.2.2 Differential gene expression analysis
DESeq2 (version 1.36.0) (Love et al., 2014) was used in R Studio to perform differential gene
expression analysis on raw RNA-Seq count data from the 49 AA and 147 EA-matched samples.

DESeq2 uses negative binomial distribution to identify differential gene expression between groups.

Before differential gene expression analysis, a DESeq object was created using the
DESeqgDataSetFromMatrix function. A count matrix and sample table were created as input to this
function. The count matrix contained RSEM raw gene counts for each sample, rounded to the
nearest integer. The count matrix had genes along its rows and sample barcodes across its columns.
The sample table consisted of two columns containing the sample barcode and self-reported race of
each sample. Using the count matrix, sample table and specification of ethnicity as the variable that
would define our experiment (EA vs. AA), the DESeqDataSetFromMatrix function was used to create
a DESeq object for differential gene expression analysis. After creating the DESeq object, the EA
samples were designated as the reference group for the differential gene expression analysis.
Additionally, any genes with a cumulative count of fewer than 10 across all samples were excluded

from the DESeq object.

Using the DESeq function, and the DESeq object as its input, DESeq2 was utilised to perform
differential gene expression analysis between the AA and EA groups. From the differential gene
expression analysis results, genes with an adjusted p-value < 0.05 and -1> log2-transformed fold
change >1 were considered SDE. Among the list of SDE genes, NSCLC associated genes were
identified with reference to the Kyoto Encyclopaedia of Genes and Genomes (KEGG) Pathways

NSCLC gene list (hsa05223).

3.2.3 Enrichment analysis
Enrichment analysis was performed to identify biological processes and molecular pathways
associated with the differential gene expression results. Two types of enrichment analysis were

performed: over-representation analysis (ORA) and gene set enrichment analysis (GSEA).
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3.2.3.1 Over-representation analysis (ORA)

ORA is a method employed to discern which established biological functions and processes,
represented as gene sets, are disproportionately represented within a given list of genes obtained
from experimental data (Boyle et al., 2004). The ClusterProfiler package (version 4.4.4) (Wu et al.,
2021) was used to identify which gene sets from the KEGG pathway and the Gene Ontology
Biological Process (GO-BP) databases were overrepresented (enriched) in our list of SDE genes.
Cluster profiler utilises a hypergeometric test (also called a Fisher’s exact test) to determine p-values
of the over-represented gene sets that result from ORA. In our analysis, gene sets that displayed an

adjusted p-value < 0.05 were deemed significantly enriched, indicating their over-representation.

3.2.3.2 Gene set enrichment analysis (GSEA)

GSEA (Subramanian et al., 2005) is another approach for identifying biological processes and
molecular pathways that are enriched among differentially expressed genes. Unlike ORA, which
seeks enrichment in a supplied list of SDE genes, GSEA analyses the entirety of the differential gene
expression results to detect enrichment. This is achieved by ordering the differential gene expression
analysis output by fold change or test statistic in descending order to create an ordered gene list (L).
Given gene set S (a group of genes associated with a particular function or pathway), GSEA aims to
determine whether the members of S are randomly distributed throughout L, or are primarily found
at the top or bottom of L. If a large proportion of the gene members of S are found at the top of L,
then the gene set S will be considered enriched and upregulated. On the other hand, if a large
proportion of the gene members of S are found towards the bottom of L, then the gene set S will be
considered enriched and downregulated. This method allows GSEA to identify situations where
multiple genes in a gene set are differentially expressed in a small but coordinated way that may be

biologically meaningful.

The ClusterProfiler package (version 4.4.4) was used to perform GSEA in RStudio. With the
differential gene expression results as an input, the gseGO and gseKEGG functions were used to
investigate the enrichment of gene sets from the GO-BP terms and KEGG pathway database

respectively. An adjusted p-value threshold of <0.05 was applied to the GSEA results.

3.3 Results

3.3.1 Differential gene expression
DESeq2 was used to perform differential gene expression analysis on LUAD cells from 49 AA and 147
EA samples, to identify differentially expressed genes between the AA and EA groups. Genes with an

adjusted p-value < 0.05 and a -1 > log2-transformed fold change > 1 were considered SDE.
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A total of 371 genes were identified to be SDE between the two groups (Supplementary table 3). 171
genes were significantly upregulated, and 200 genes were significantly downregulated in the AA
group relative to the EA group, as seen in the volcano plot below (Fig. 3.1). The top 10 significantly

downregulated and upregulated genes are listed in table 3.1.

Among the 371 SDE genes, CDKN2A was the only one associated with NSCLC according to the KEGG
pathway NSCLC gene list. CDKN2A encodes a cyclin dependent kinase inhibitor (also known as p16)
that acts as a tumour suppressor protein. CDKN2A expression was upregulated in the AA vs. EA

group, with a log2-transformed fold change of 1.29 (2.45 absolute fold change) between the two

groups.
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Figure 3.1. Volcano Plot showing the result of differential gene expression analysis between the AA and EA groups. The
371 SDE genes (adjusted p-value < 0.05 and a -1> log2-transformed fold change >1) are represented by red dots. In the
figure, adjusted p-value is log10-transformed. The green lines represent the fold change threshold for significant
differential expression, and the purple dotted line represents the p-value threshold for significant differential expression.
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Table 3.1. The top 10 upregulated and downregulated SDE genes between the AA and EA groups. Differential gene
expression analysis was performed with the EA group as a reference, so upregulated or downregulated genes are
upregulated or downregulated in the AA group compared to the EA group.

Top upregulated genes Top downregulated genes
Gene name | Log2-transformed Gene name | Log2-transformed
fold change fold change
LBP | 3.3 LCN15 | -5.5
FMRINB | 3.1 DLK1 | -5.0
RHOXF2B | 2.9 CALB1 | 4.3
TUBA3C, TUBA3D | 2.8 CPN1 | -4.2
TFF2 | 2.8 CDH17 | -4

NLRP11 | 2.6 NEUROD1 | -3.9
MUCL1 | 2.5 LINCOO162 | -3.5
CLPSL2 | 2.2 CALCB | -3.4
UTS2R | 2.2 F2 |-3.4
Céorf68 | 2.2 TMA4SF20 | -3.3

3.3.2 Enrichment analysis

3.3.2.1 Over-representation analysis (ORA)
ORA was performed to evaluate the biological processes and molecular pathways, in the form of
gene sets, which were enriched (overrepresented) in the list of genes that were SDE between the AA

and EA tumours.

ORA analysis against the KEGG pathway database revealed that 9 KEGG pathway gene sets were
enriched in our list of SDE genes (supplementary table 4). These enriched KEGG pathways and the
number of SDE genes that were a part of them are listed in Figure 3.2a. Five of these KEGG
pathways are involved in the metabolism of a various compounds. Of these five, four (drug
metabolism — cytochrome p450; metabolism of xenobiotics by cytochrome p450; drug metabolism —
other enzymes; and retinol metabolism) have to do with the metabolism of xenobiotics such as
drugs and vitamins, while the other is involved in the metabolism of the locally produced porphyrin
macromolecule (an important precursor for the formation of hemoproteins like haemoglobin and
cytochrome P450) (Phillips, 2019). Notably, the steroid biosynthesis KEGG pathway was also
enriched. Most of the SDE genes, which form a part of the top five most enriched KEGG pathways,
are shared between at least two of these enriched KEGG pathways (Fig. 3.2b). Indicating that there is
a lot of overlap in the genes that made up the different enriched KEGG pathways. The top five most

enriched KEGG pathways contain a mixture of upregulated and downregulated genes.

ORA of GO-BP terms uncovered 48 GO-BP terms that were enriched in our list of SDE genes
(supplementary table 5). The ten most significantly enriched terms and the number of SDE genes

that were a part of them, are listed in Figure 3.3a. The top ten enriched biological processes fell into
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four distinct categories: firstly, three related to the response to xenobiotics; secondly, three
pertaining to hormone metabolism and regulation; thirdly, two associated with cell-to-cell adhesion;
and fourthly, two linked to nervous system activities. When looking closer at the SDE genes that
make up the five most enriched GO-BP terms, we see that the three biological processes involved in
the response to xenobiotics share many genes between them (Fig. 3.3b). In figure 3.3b, we also see

that a combination of up and down-regulated genes make up the top five enriched GO-BP terms.

ORA on the list of 371 genes that were SDE between our AA and EA groups, revealed some pathways
and biological processes through which these genes may result in differences in tumour biology
between the two groups. Gene sets that relate to the response to xenobiotics and those relating to
hormone metabolism and regulation were enriched in both KEGG Pathway and GO-BP ORA, making

these enriched gene sets interesting candidates for further investigation.
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Figure 3.2. Result from ORA using the KEGG Pathway database. (a) All 9 enriched KEGG Pathways. The count value on the
x axis is the number of SDE genes that form part of a particular gene set. (b) A cnet plot showing the top 5 enriched KEGG
pathways, the SDE genes that are a part of them, and how some of these genes are shared by 2 or more gene sets.
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Figure 3.3. Result from ORA using the GO-BP terms. (a) The top 10 most enriched processes (out of 48 enriched
processes). The count value on the x axis is the number of SDE genes that form part of a particular gene set. (b) A cnet plot
showing the top 5 enriched GO-BP’s, the SDE genes that are a part of them, and how some of these genes are shared by 2

or more gene sets

3.3.2.2 Gene Set Enrichment Analysis (GSEA)

GSEA was performed to identify biological processes and molecular pathways that were enriched in
the differential gene expression results we obtained. Unlike ORA, GSEA can detect instances where
many genes in a gene set exhibit subtle yet coordinated expression shifts, potentially signifying
biologically relevant changes. This allows for the prediction of biological alterations stemming from

less pronounced gene expression variations.

GSEA against the KEGG Pathways database identified 84 enriched pathways (supplementary figure
6). Figure 3.4 shows the top enriched pathways, as well as the number (Fig. 3.4a), differential
expression (Fig. 3.4b), and sharing of the differentially expressed genes that make them up (Fig.
3.4c). Among the 10 most significantly enriched pathways (Fig. 3.4a and 3.4b), three were associated
with neurodegenerative conditions (Parkinson’s, Huntington’s disease, and lateral sclerosis). These
gene sets were upregulated in AA vs. EA tumours. The clustering of these gene sets and other
neurodegenerative condition gene sets like Alzheimer’s and Prion disease, in Figure 3.4c’s
enrichment map, indicated an overlap in the genes that make up these pathways. Among this cluster
of neurodegenerative condition pathways is an oxidative phosphorylation pathway, which was

shown to share genes with most of the neurodegenerative condition pathways in the enrichment
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map. The oxidative phosphorylation pathway ranked among the top 10 for significant enrichment
(Fig. 3.4a and Fig. 3.4b). Similar to the pathways related to neurodegenerative conditions, it
displayed upregulation in AA compared to EA samples (Fig. 3.4b). Among the top 10 enriched KEGG
pathways, two notable downregulated pathways were the focal adhesion and actin cytoskeleton
pathways. Both play pivotal roles in transmitting signals from a cell's extracellular matrix to its
intracellular components, facilitating a suitable cellular response (Janiszewska et al., 2020). In
addition, the P13K-Akt signalling pathway, MAPK signalling pathway, and proteoglycans in cancer

pathway, were also downregulated and among the most significantly enriched pathways.

Performing GSEA against the GO-BP terms revealed 976 enriched biological processes
(supplementary figure 7) . Our analysis was narrowed to the most significantly enriched processes,
with the highest probability of being biologically relevant based on their adjusted p-value. Figure 3.5
displays what the top enriched processes were, as well as the number (Fig. 3.5a), the direction of
differential expression (Fig. 3.5b), and the sharing of the differentially expressed genes that make up
these processes (Fig. 3.5c). Of the 10 most significantly enriched processes, five were involved in
cellular respiration, and three were involved in cell-to-cell adhesion. The cellular respiration related
processes were upregulated in the group of AA relative to the EA group and shared many genes
between them, while the cell-to-cell adhesion related processes were downregulated in the group of

AA relative to the group of EA (Fig. 3.5).

Overall, through GSEA using the GO-BP terms and KEGG pathway database, we identified numerous
gene sets with subtle yet coordinated differential expression between the AA and EA groups.
Notably, gene sets associated with cellular respiration and neurodegenerative conditions were
upregulated, while those related to cell-to-cell adhesion and cell signalling were downregulated in

the AA group relative to the EA group.
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Figure 3.4. Results of GSEA, which was performed on the output of differential gene expression analysis between EA and
AA groups, using the KEGG pathway database. (a) Dot plot showing the top 10 most enriched KEGG pathways. The gene
ratio is the ratio of the differentially expressed genes which make up the enriched pathway, to the total number of genes
that make up the pathway. (b) Ridge Plot showing the top 10 most enriched pathways, and the distribution of the Wald

statistic (stat value) of the differentially expressed genes that make them up. (c) Enrichment map showing the top

enriched pathways. Lines connecting two pathways indicate that differentially expressed genes are shared between them.
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3.4 Discussion

We looked at differential gene expression between the EA and AA LUAD tumour samples, then
performed enrichment analysis on the results of differential gene expression analysis to identify
molecular pathways and biological processes through which differences in gene expression between

the groups may affect tumour biology.

3.4.1 Differential gene expression analysis

Among the 371 genes our analysis identified as SDE between the AA and EA groups, 171 are
upregulated, and 200 are downregulated in AA patients relative to EA patients. A standout gene
among these SDE genes is CDKN2A because it is the only SDE gene that is associated with NSCLC,

according to the KEGG pathway database.

CDKN2A'’s expression is upregulated in AA samples relative to EA samples. The CDKN2A gene codes
for the p16 protein, which is a tumour suppressor gene whose deletion is implicated in the
development of a variety of cancers such as leukaemia, melanoma, oesophageal and lung cancer (Shi
et al., 2022). P16 is a cyclin-dependent kinase inhibitor that acts as a tumour suppressor by inhibiting
cell progression through the S phase of the cell cycle. Molecularly, p16 achieves this by inhibiting the
activity of cyclin-dependent kinase 4 (CDK4), which in turn blocks off the downstream
phosphorylation and activation of retinoblastoma (RB) proteins, which, when phosphorylated would
otherwise facilitate the transition of cells from the G1 to the S phase of the cell cycle (Romagosa et
al., 2011). Although the association of p16 deletion with the transition from pre-malignant to
malignant cells has implicated p16 as an essential tumour suppressor gene, on the other hand, p16
overexpression has also been observed in malignant cells (Romagosa et al., 2011). The
overexpression of p16 associated with a malignant cell is counterintuitive because p16 is a tumour
suppressor. It is thought that this overexpression of p16 in malignant cells results from the
dysregulation of the p16 — Rb pathway, when Rb loss (by mutation or deletion) results in positive
feedback that increases the production of p16 (Romagosa et al., 2011). So, in this case, p16
overexpression is a failed attempt to prevent uncontrolled proliferation caused by Rb pathway
failure. In the context of this study, Rb does not display reduced expression or increased deletion in
the AA samples vs. the EA samples, so it is not obvious that p16 overexpression in AA vs. EA tumours

is directly tied to Rb loss.

Concerning its effect on cancer prognosis, p16 protein overexpression has been identified as an
unfavourable prognostic indicator in colon adenocarcinomas, breast cancer, astrocytomas and

gastrointestinal cancer (Arifin et al., 2006; Lam et al., 2008; Milde-Langosch et al., 2001; Romagosa
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et al., 2011; Steigen et al., 2008). Studies examining ethnicity-based differences in cancer gene
expression have shown CDKN2A overexpression in AA vs. EA breast cancer and endometrial cancer

tumours (Grunda et al., 2012; Javadian et al., 2021; Martin et al., 2009), consistent with our results.

Being the only cancer-associated gene we detected as SDE between the TCGA-LUAD AA and EA
samples, the overexpression of CDKN2A (p16) was of particular interest. In the context of cancer and
lung cancer, p16 deletions are often associated with cancer. Although p16 overexpression is less
common in cancers, it has been associated with poor cancer prognosis on several occasions. The
CDKN2A overexpression that we have identified in AA vs EA NSCLC tumours may therefore represent

a clinically relevant difference in tumour biology between the two groups.

3.4.2 Enrichment analysis

3.4.2.1 Over-representation analysis (ORA)

In the results of ORA on the list of SDE genes, we saw the enrichment of two KEGG pathways and
three GO-BP’s that have to do with the cellular metabolism of drugs and xenobiotics. Among the
genes comprising these enriched drug and xenobiotics metabolism-related gene sets, were some
Cytochrome P450 (CYP) genes. CYPs are important enzymes in cancer formation and treatment
because they mediate the activation of multiple procarcinogens and are involved in activating and
inactivating anticancer drugs (Rodriguez-Antona and Ingelman-Sundberg, 2006). Therefore, altered
CYP expression in tumour cells could alter drug efficacy. Of the CYP genes found in the many
enriched xenobiotics metabolism-related gene sets, two are of particular interest because of
previous research findings about them. These two genes are CYP2B6 and CYP3A4. From our results,
their expression was significantly upregulated in AA samples relative to EA samples. CYP2B6 is
involved in the metabolism of some procarcinogens and various therapeutic drugs. CYP3A4 is
involved in the metabolism and breakdown of various anti-cancer drugs into inactive forms. Among
others, some important anti-cancer drugs that CYP3A4 can deactivate are the chemotherapies
docetaxel and irinotecan and the tyrosine kinase inhibitor gefitinib. Because these drugs are used in
the treatment of NSCLC, the overexpression of CYP3A4 in AAs compared to EAs might predict lower
efficacy of these drugs against the AA patient-derived NSCLC tumours (Rodriguez-Antona and

Ingelman-Sundberg, 2006).

In the results of ORA, within the enriched gene sets involved in the response to xenobiotics as well
as hormone regulation and metabolism, we saw several UDP glucuronosyltransferase (UGT) family
genes that were highly downregulated in the AA group relative to the EA group. UGTs are enzymes
that catalyse the conjugation of glucuronic acid to various target molecules, including steroid

hormones, bile acids, bilirubin, carcinogens, and therapeutic drugs. This conjugation acts on these
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compounds by abolishing their biological activity and enhancing their solubility, which ultimately
facilitates their excretion from the body (Allain et al., 2020). Reports investigating metabolic
alterations in the transcriptome and metabolome of multiple tumour types found pentose and
glucoronate interconversion pathways, to which all UGT genes belong, to be amongst the most
perturbed (Rosario et al., 2018; Wikoff et al., 2015). UGT, therefore, plays an important role in
mediating the bioavailability and bioactivity of a variety of endogenous compounds, drugs, and
xenobiotics within a tumour microenvironment. UGTs are both overexpressed and under-expressed

in tumours.

Some SDE UGTs that form part of the overrepresented response to xenobiotics and hormone
regulation gene sets are UGT1A, UGT1A8 and UGT2B11. These UGTs are downregulated in AA
samples compared to EA samples. With regards to the onset of lung cancers, deletions or low-
activity UGT1A mutations have been linked with an increased risk of lung cancer, due to their
decreased activity in the metabolism of smoking-derived carcinogens (Liu et al., 2022; Wassenaar et
al., 2015). Regarding cancer drug resistance, increased pre-treatment expression of UGT1A has been
associated with a diminished response to the epidermal growth factor (EGFR) inhibitor erlotinib in
NSCLC and head and neck cancer patients (Lopez-Ayllon et al., 2015; Thomas et al., 2013).
Additionally, because of UGT1A's role in converting the toxic anti-cancer irinotecan drug into a less
toxic form, small cell lung cancer patients with low-activity UGT1A mutant alleles experience
increased irinotecan-related toxicity (Liu et al., 2022). Some UGTs downregulated in the AA vs. EA
tumours are involved in hormone metabolism. UGT1A8 is central to the metabolism and excretion of
estrogen, which has pro-growth effects on lung tumour cells (Liu et al., 2022). UGT2B11 is involved
in the glucuronidation and excretion of androgens, steroids, and toxic compounds (Liu et al., 2022).
Increased expression of UGT2 proteins (which are downregulated in AAs vs. EAs in this study) has
been associated with increased risk of metastasis and worse survival in other cancers like chronic
lymphocytic leukaemia (CLL), prostate, bladder, and breast cancer (Allain et al., 2020). The important
role of UGTs in the metabolism of various drugs, hormones, and other compounds is well
established. It is thus foreseeable that the downregulation of UGTs that we see in AA patients vs. EA
patients may alter their NSCLC tumour microenvironment in clinically relevant ways. (Allain et al.,

2020) (Liu et al., 2022).

The presence and activity of endogenous hormones and xenobiotics, such as drugs, affect the

microenvironment of a tumour. Differences in the expression of proteins that metabolise, activate,
or deactivate such hormones and drugs allow cancer cells to respond uniquely to these substances,
and affect the abundance of these substances in their microenvironment. As has been outlined, the

enrichment of KEGG pathways and GO-BPs associated with the response to xenobiotics, as well as
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the metabolism and regulation of hormone levels among the genes that are SDE between the AA
and EA tumours, shows that these groups of LUADs may respond differently to anti-cancer drugs and
endogenous hormones. In particular, this difference is likely to result from the differential
expression of cytochrome p450 and UDP glucuronosyltransferase family genes. Differential
expression of cytochrome P450s and UDP glucuronosyltransferases has been associated with
differences in prognosis and treatment response of cancers (Liu et al., 2022; Lopez-Aylléon et al.,
2015; Rodriguez-Antona and Ingelman-Sundberg, 2006; Thomas et al., 2013; Wassenaar et al.,
2015).

3.4.2.2 Gene set enrichment analysis (GSEA)
To look more generally at the effects of differential gene expression between the two groups, we

performed GSEA using gene sets from the KEGG pathway database and GO-BP annotations.

Amongst the top enriched and upregulated gene sets, outputted after performing GSEA, are gene
sets that relate to the process of cellular respiration, particularly mitochondrial energy production.
To appreciate the significance of this, it's essential to delve into the Warburg Effect, a phenomenon
long regarded as a pivotal shift in cellular metabolism during the transition of a normal to a
cancerous state (Warburg, 1956). One of the hallmarks of cancer development is the reprogramming
of energy metabolism. The Warburg effect refers to cells displaying an increased rate of ATP (energy)
production from glucose via glycolysis (aerobic glycolysis), at the expense of ATP production via
mitochondrial respiration, which normal cells would generally rely on more. According to the
Warburg effect, to enhance their rate of proliferation, cancer cells tend toward producing ATP
through aerobic glycolysis, even though it produces 16x less ATP than mitochondrial ATP synthesis,
because aerobic glycolysis metabolises glucose at a much faster rate than mitochondrial respiration
and by so doing produces a variety of by-products that are useful for cell proliferation. The Warburg
effect suggests that the rapid glucose metabolism through aerobic glycolysis is favoured by cancer
cells over the slower glucose metabolism via mitochondrial respiration, because the by-products of
aerobic glycolysis support cancer cell growth(Liberti and Locasale, 2016). Some evidence partially
supports the Warburg effect in some cancers (Xintaropoulou et al., 2018) (Liberti and Locasale,
2016). However, there is also evidence that in some cases, mitochondrial ATP production is not
compromised and is instead central to cancer cell proliferation. For instance, a study in a mouse
model showed that the disruption in the mitochondrial function of LUAD cells reduced
tumorigenesis (Weinberg et al., 2010). Another study showed that mitochondrial DNA-depleted
LUAD cells would take up wild-type mitochondrial DNA from neighbouring cells to sustain their
mitochondrial activity and cell replication (Tan et al., 2015). These examples show the central role

that mitochondrial activity can have in the activity of cancer cells. In our case, the upregulation of
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multiple mitochondrial respiration-related gene sets among our samples of AA vs. our samples of EA
suggests that ATP production is less glycolytic and more mitochondrial in the AA tumours. This is
further supported by the observed downregulation of the PI3K-AKT signalling KEGG pathway among
AA vs. EA samples, as PI3K-AKT upregulation is primary for increasing glucose uptake by cells to
support increased rates of aerobic glycolysis in glycolytic cancer cells (Rascio et al., 2021). The
upregulation and enrichment of the oxidative phosphorylation KEGG pathway also supports the
proposed mitochondrial ATP production bias in the AA tumours. The repurposing of oxidative
phosphorylation-inhibiting drugs to target cancer cells with increased mitochondrial respiration has
been suggested as a potentially viable anti-cancer therapy (Bedi et al., 2022). There are, however,
concerns about the specificity of such drugs, and the resistance to the drug that can come from
cancer cells becoming more glycolytic to avoid detection. The upregulation of multiple mitochondrial
respiration-associated gene sets, as well as the downregulation of the PI3K-Akt signalling pathway in
the AA tumours vs. the EA tumours, suggests that the AA LUAD tumours rely more on mitochondrial
respiration for energy production than the EA tumours do. This difference in energy metabolism
might correlate with differences in cancer progression and might call for varied treatment to target

the primary energy production pathways and tools that sustain cancer cell proliferation.

The GSEA results also show the enrichment and upregulation of pathways associated with
neurodegenerative conditions like Huntington’s disease, Parkinson’s disease, Alzheimer’s, and
others. Many genes that make up these pathways are shared with the enriched oxidative
phosphorylation and mitochondrial energy production-related pathways. Mitochondrial dysfunction
is a central property of neurodegenerative conditions, leading to neurons not receiving appropriate
amounts of energy to function effectively and becoming damaged (Johri and Beal, 2012; Mattson,
2000). In our findings, the mitochondrial genes within the enriched neurodegenerative condition-
related gene sets demonstrate upregulation, suggesting heightened mitochondrial activity. The
neurodegenerative condition-related gene sets are enriched largely because of the upregulation of
many mitochondrial respiration-related genes. We therefore postulate that the enrichment of these
neurodegenerative condition-related gene sets doesn’t relate to increased incidence or likelihood of
the neurodegenerative conditions among the AA group, as that would instead be associated with the
downregulation of the genes in these gene sets. The enrichment and upregulation of the
neurodegenerative condition gene sets is likely an artefact of the many mitochondrial energy
production-related gene sets that are upregulated and enriched. The overlap in genes associated
with lung cancer and Alzheimer’s and their inverse gene expression in these conditions has been
observed in many other studies and is not unusual (Li et al., 2022). Studies showing a reduced

incidence of some cancers among patients with neurodegenerative conditions further suggests that
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there is an inverse alteration of similar genes in neurodegenerative conditions vs. cancers (Bennett
and Leurgans, 2010; Inzelberg and Jankovic, 2007; Sorensen et al., 1999). Considering this, it is also
possible that there is an upregulation of certain pro lung cancer genes among AA tumours, whose
downregulation is associated with Alzheimer's. The upregulation of these genes can lead to the

enrichment of the Alzheimer's gene set but does not directly have to do with Alzheimer’s.

Our GSEA results also show the enrichment and downregulation of gene sets associated with cell-to-
cell adhesion in the AA group vs. the EA group. This is interesting because the loss of cell-to-cell
adhesion and anchorage-independent growth of cells are both hallmarks of cancer and result from
the dysregulation of cell adhesion molecules (Janiszewska et al., 2020). Cell adhesion molecules help
connect cells to maintain tissue structure and are involved in extracellular matrix-to-cell signal
transduction. Dysregulation of cell adhesion molecules can, therefore, disrupt tissue structure, cell
anchorage, and signal transduction into cells and, in this way, facilitate malignancy and metastases.
One of the major consequences of cell adhesion molecule dysregulation is the epithelial-
mesenchymal transition (EMT), which makes cancer cells more motile and invasive (Kalluri and
Weinberg, 2009). It might be tempting to link the downregulation of the gene sets "cell-cell adhesion
via plasma membrane adhesion molecules" and "homophilic cell adhesion via plasma membrane
adhesion molecules" in AA vs. EA tumour cells to reduced cell-to-cell adhesion and communication.
Such a change could potentially correlate with heightened malignancy and an increased likelihood of
metastasis. Our interpretation of the result cannot be this simple as the combination of upregulation
and downregulation of different cell adhesion molecules is needed to disrupt the epithelial nature of
cells and make them lean toward a more malignant and metastatic mesenchymal state. To more
conclusively link our findings with diminished cell-cell adhesion in the AA group, it would be
necessary to observe the downregulation of genes known to be associated with this function, such
as CDH1, which encodes E-cadherin. Among the SDE genes in the enriched cell-to-cell adhesion gene
sets is CDH17, which encodes N-cadherin. Research has associated the downregulation of E-
cadherin, and the upregulation of N-cadherin with the epithelial-mesenchymal transition, a process
where cells shift from a localised epithelial state to a more dispersed mesenchymal state. While the
precise impact on cell-to-cell adhesion remains elusive, the notable downregulation of N-cadherin in
AA samples compared to EA samples suggests potential differences in cell adhesion dynamics, where
AA tumours may be less mesenchymal than EA tumours. This notion is further supported by the
enrichment and downregulation of the mesenchymal development GO-BP term in AA vs. EA
samples. Expression changes associated with decreased cell-to-cell adhesion and mesenchymal
development vary according to tissue type. In this context, it's challenging to assert with confidence

that the observed changes indicate a decrease in mesenchyme development in AA tumours
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compared to EA tumours. The downregulation and enrichment of the mesenchyme development
GO-BP and the downregulation of the N-cadherin encoding gene do, however, suggest this. The
dysregulation of cell adhesion molecules is primary in the development of malignant and metastatic
cancer cells. Our GSEA results show that interesting differences in this important aspect of tumour

development and metastasis may exist between the two groups.
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4. Comparison of somatic copy number alterations (SCNA)

4.1 Introduction

Copy number alterations are increases (amplifications) or decreases (deletions) in the number of
copies of a stretch of DNA. Somatic copy number alterations (SCNAs) are among the DNA sequence

changes associated with the transformation of normal cells into cancerous cells.

The frequency of SCNAs in lung cells has been observed to rise as they transform from healthy cells
to malignant ones, and further as the cancer progresses from early to advanced stages (Huang et al.,
2011). The association between SCNAs and the nature of NSCLC is further reiterated by studies that
have pinpointed specific SCNAs capable of differentiating between normal lung cancer cells,
squamous cell carcinoma cells and adenocarcinoma cells (Li et al., 2014; Qiu et al., 2017). Common
oncogenic gene SCNAs associated with NSCLC include the amplification of MET, FGFR, EGFR, HER2,
and TITF-1, as well as the deletion of PTEN (Herbst et al., 2008; Shames and Wistuba, 2014). Some of
these SCNAs have shown potential for informing NSCLC treatment selection. For example, MET
amplification and PTEN deletion have been associated with resistance to EGFR tyrosine kinase
inhibitors, while on the other hand, HER2 amplifications have been associated with sensitivity to
EGFR tyrosine kinase inhibitors (Bean et al., 2007; Cappuzzo et al., 2005; Engelman et al., 2007; Sos
et al., 2009).

Research examining ethnicity-based differences in SCNAs has yielded varied conclusions. After
comparing 245 AA samples to 264 EA samples from NSCLC tumours, Campbell et al. (2017) found no
differences in the frequency of SCNAs per sample between the two ethnic groups. Sinha et al. (2020)
evaluated CNA genomic instability (characterised by the proportion of the genome with a non-
diploid copy number). In their findings, among Squamous cell carcinoma samples, those of AA
exhibited significantly more copy number-associated genomic instability than their EA counterparts.
However, this ethnicity-based difference was not observed among LUAD patients. Various studies
have identified significant differences in the chromosomal positioning of SCNA regions between AA
and EA NSCLC samples (Shi et al., 2022) (Sinha et al., 2020). Regarding cancer-related genes, a
comparison of 126 AA and 96 EA NSCLC samples observed that KRAS amplifications and PTEN
deletions occur in both EA and AA samples but occur with a higher frequency in samples of AA (Sinha
et al., 2020). In the same study, deletions of CDKN2A were observed in both groups, but were more
prevalent in AA samples. Furthermore, the frequency of cancer-associated MET amplification has

been found to be consistent across ethnic groups (Steuer et al., 2016).
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Copy number alterations can be clinically useful in categorising cancers into their subtype and
informing treatment selection for NSCLCs. Although research is limited, studies have presented
varying conclusions on whether differences in the frequency and type of SCNAs exist between
different ethnic groups. In this chapter, we explore potential disparities in the SCNA profiles between

AA and EA LUAD specimens sourced from the TCGA-LUAD study.

4.2 Methods

4.2.1 Downloading somatic copy number alteration data
SCNA data for samples of the TCGA-LUAD study were downloaded from the Broad Institute of

Harvard and MIT’s FireBrowse data portal (http://firebrowse.org).

To generate SCNA data for normal and tumour cells of samples, the Broad Institute used the
Affymetrix SNP Array 6.0. The SNP Array has probes complementary to sequences across the human
genome. To determine which discrete chromosomal regions were copy number altered,
hybridization of DNA to the array’s probes was first quantified. Based on these hybridization levels,
gene segments representing amplified or deleted stretches of the genome were determined. Finally,

gene segments were assigned segment means, indicating their amplification or deletion magnitude.

The SCNA data, containing segment means of normal and tumour cells from the TCGA-LUAD study,
was downloaded from the Broad Institute's FireBrowse data portal and subsequently filtered and
processed in R Studio (version 4.2.1). To begin with, the SCNA data linked to the tumour cells from
our 1:3 propensity-matched AA and EA samples were isolated. Among the propensity-matched
samples, SCNA data was available for 146 out of 147 EA samples and all 49 AA samples, forming the
basis for subsequent SCNA analyses. A binary interpretation of SCNA segments was implemented
and classified SCNA segments with a segment mean of >0.3 as amplified and those with segment
means of < -0.3 as deleted. For every sample, segments that did not meet the amplification and
deletion thresholds were removed. The resulting data contained CNA segments classified as
amplifications and deletions for each of the 146 EA and 49 AA samples, which served as the starting

point for subsequent SCNA comparisons.

4.2.2 Comparison of somatic copy number alteration burden

To identify whether there is a difference in the median number of SCNA segments per sample
between the EA and AA groups, the number of SCNA segments per sample were first compiled,
based on our binary classification of amplifications and deletions. Box plots were generated using
the in-house RStudio boxplot function to visually compare SCNA segments per sample between the

AA and EA groups. Subsequently, a Wilcoxon rank-sum test (Mann-Whitney U test) assessed if there
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was a statistically significant difference (p-value < 0,05) in the median number of SCNA segments per

sample between the two groups.

4.2.3 |ldentification and comparison of recurrently copy number altered regions

The processed SCNA data was used to independently identify and plot recurrent copy number
alterations for samples of AA and EA. A modified version of Silva et al's (2016) TCGA Workflow for
Genomic Analysis was used to do this. The steps that were followed are outlined in more detail

below.

The GAIA (version 2.39.0) (Morganella et al., 2011) package was utilised to determine recurrently
copy numbered altered (recCNA) regions in the AA and EA groups independently. GAIA was
executed on the University of Cape Town's High-Performance Cluster using the R programming
environment (version 4.1.1). Prior to running GAIA, a copy nhumber variant matrix and a markers
object were created. The copy number variant matrix detailed the position and type of copy number
alterations for each sample, and the markers object outlined all the probes used for copy number
alteration measurement. The markers object was edited to exclude all probes that were considered
part of common somatic copy number variants in non-cancer cells according to the Broad Institute

(available at ftp://ftp.broadinstitut.org/pub/GISTIC2.0/hg19 support/). Using this edited markers

object excluded SCNAs previously identified as prevalent in non-cancer samples from the analysis.

GAIA was then run to identify recCNA regions, with the copy number matrix and edited markers
objects as its inputs. RecCNA regions were defined by a false discovery rate (g-value) < 0.15 after 10
iterations of running GAIA. After running GAIA independently for the AA and EA groups, a list of

recCNA regions for both the AA and the EA groups was obtained.

For each group, AA and EA, the resulting file of recCNA regions outputted by GAIA was loaded into R
studio where it was used to plot the type and position of recCNA regions. A custom function similar
to that used by Silva et al. (2016) was used to plot recurrent amplifications and deletions onto a copy

number alteration plot.

4.2.4 Comparison of genes in recurrently copy number altered regions
Genes located within recCNA regions (q value < 0.15) in the tumour samples of AA and EA were
pinpointed. Additionally, we ascertained whether these recCNA occurrences were shared between

the AA and EA tumours.

To begin with, BiomaRt (version 2.52.0) was utilised in R studio to download a list of all genes in the
human grch37 (hg) genome (Durinck et al., 2009). Each gene's gene symbol, chromosomal number,

nucleotide start position, and nucleotide end position was obtained. The GenomicRanges (1.48.0)
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package was then used to store all that information in a GenomicRanges object (Lawrence et al.,
2013). The genomic coordinates of the recCNA regions among AA and EA samples identified by GAIA,
were also stored in their own GenomicRanges objects. The findoverlaps function, from the
GenomicRanges package, was then used to find overlaps between the genomic coordinates of the
recCNA regions and the grch37 genes. By doing this, the recurrently copy number altered segments
in the groups of AA and EA were annotated with the names of the genes that fell within these
segments. Venn diagrams were made to show the number of amplified and deleted genes that were
recurrently copy number altered in both groups or in the AA or EA group alone. The KEGG pathway

NSCLC gene list was referred to when identifying NSCLC-associated recCNA genes.

4.3 Results

4.3.1 Comparison of somatic copy number alteration burden

Our analysis aimed to understand the differences in the genomic landscape between AA and EA
LUAD samples. Box plots visually comparing the median number of SCNAs per sample between the
two groups showed that the AA samples had a greater SCNA burden than the EA samples (Fig 4.1). A
Wilcoxon Rank sum test was performed to determine whether this difference could be statistically
supported. A p-value of 0.013 from the Wilcoxon Rank Sum test provided statistical support for the

observed difference in SCNA burden between the two groups.

4.3.2 Comparison of recurrently copy number altered regions
RecCNA regions for the groups of AA and EA were determined and plotted independently using the
GAIA package. Any SCNA regions identified as occurring in normal non-cancer cells by the Broad

Institute were excluded from this process.

The outputted recCNA plots (Fig. 4.2) showed differences in the type and position of recCNA regions
between the AA and EA samples. Between the two groups, chromosomes 1, 5, 8, 12, and 17 had
recurrent copy number alterations in the opposite direction, while chromosomes 4 and 18 were only

recCNA in the EA group and not the AA group.

4.3.3 Comparison of genes in recurrently copy number altered regions

Venn diagrams showing the recurrently amplified and deleted genes shared between the AA and EA
groups or only present in one of them were constructed. The samples of EA had many more genes in
their recCNA regions than the samples of AA (Fig. 4.3). This is because there were just under three
times as many EA samples as AA samples in our analysis, and this allowed GAIA to identify more
recCNA segments among EA samples (2347) than AA samples (769). The majority of recurrently

amplified and deleted genes were shared between both groups. Among the shared and unique
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recCNA genes, several were associated with NSCLC (Fig. 4.3). The samples of EA had many more
recurrently amplified and deleted genes that were NSCLC-associated than the AA samples. This was
in line with the greater number of recCNA regions identified among the EA group compared to the

AA group.

400
1
o® o

Number of recCNA segments per sample
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Figure 4.1. Box plots showing the somatic copy number alterations per sample for the AA and EA groups. The greater
median number of SCNA per sample in the group of AA vs. EA group was statistically supported by a Wilcoxon rank-sum
test which produced a p-value of 0.013.
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Figure 4.2. Recurrently copy number altered regions in each ethnic group. Recurrent copy number alteration (recCNA)
plots for AA samples (a) and EA samples (b). RecCNAs were determined and plotted using GAIA, with SCNAs known to be
present in normal cells filtered out. The horizontal dotted line represents the g-value cutoff of <0.15 (log10-transformed in
the figure) that was used as a threshold when determining recCNA regions.
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Figure 4.3. Genes in recurrently copy number altered (recCNA) regions. (a) Venn diagram showing the number of genes
that make up recurrently copy number amplified regions in AA and EA samples, as well as a table showing the NSCLC
associated genes in these regions. (b) Venn diagram showing the number of genes that make up recurrently copy number
deleted regions in AA and EA samples, as well as a table showing the NSCLC associated genes in these regions.

4.4 Discussion

In order to gain further insight into what genetic differences exist between our TCGA-LUAD derived
AA and EA samples, we compared their copy number altered regions and genes. We found that the
samples of AA had a greater SCNA burden than samples of EA, and we found differences in the

position, type, and genes of recCNA regions.

In an analysis of 300 NSCLC tumours, Huang et al. observed that the frequency of SCNA in a tumour
escalated with the onset and progression of the disease. Moreover, they identified functional and
positional clustering of these alterations within the tumours. Their findings, suggest that an increase
in certain SCNA functionally facilitates cancer progression. In this study we found that AA LUAD
samples had a greater median number of SCNA per sample than EA LUAD samples. This difference is
unlikely to be because of a difference in the cancer stage of samples in the two groups, as balancing
of T, N and M stages was successfully achieved by PSM. The increased number of SCNAs per sample
in AAs vs. EAs may point to the presence of cancer cells that are more genetically altered and require

more robust treatment approaches among AA samples.
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Comparing the NSCLC-associated genes within the recCNA regions between the AA and EA groups
revealed certain NSCLC-associated genes that were copy number altered in one group but not in the
other. We further investigated these genes to identify any that also showed notable differential gene
expression between the two groups. Such NSCLC-associated genes, being both differentially copy
number altered and expressed, are most likely to hold biological significance in the context of NSCLC
disparities between the groups. We identified two NSCLC-associated genes, MAPK1 and HRAS, that
satisfied these criteria. None of these were SDE between the two groups, but the adjusted p-values
from their differential gene expression results were less than 0.05, and their direction of differential

gene expression corresponded with the difference in the CNA of these genes between the groups.

MAPK1 was recurrently amplified exclusively in the EA group, and when comparing gene expression
in the AA group to the EA group, it exhibited a log2-transformed fold change of -0.33 (absolute fold
change of 0.8) with an adjusted p-value of 0.0027. Although this gene expression difference is small,
the amplification in EAs alone and reduced expression in AAs indicate that this gene’s products are
likely more prevalent in the EA group than in the AA group. MAPK1 amplification has been
associated with resistance to anti-cancer EGFR tyrosine kinase inhibitor (TKI) treatments (Blakely and
Bivona, 2012). Therefore, more EA tumour patients may benefit from the combination of EGFR-TKI

and trametinib anti-cancer therapies to maximise treatment effectiveness (Minari et al., 2016).

The HRAS gene is recurrently deleted exclusively in the EA samples, and its gene expression in the AA
group relative to the EA group presents a log2-transformed fold change of 0.45 (absolute fold
change = 1.37) with an adjusted p-value of 0.003. The exclusive recurrent deletion of this gene in EA
samples and its increased expression in AA samples tells us that the products of HRAS are likely to be
more prevalent in AA samples than in EA samples. HRAS is part of a large group of RAS proteins,
including KRAS and NRAS, which, when dysregulated by mutations exist in a constitutively active
state that promotes malignancy and tumour growth (Keeton et al., 2017). Recent work by Tang et al.
(2023) showed how HRAS and NRAS suppress KRAS-driven lung cancer growth in vivo. Interestingly,
NRAS and HRAS are only recurrently deleted among the EA samples. Together with the diminished
expression of HRAS in EA compared to AA tumours, this suggests that EA tumours might exhibit

diminished KRAS suppression, potentially leading to a higher prevalence of KRAS-driven tumours.

From our comparison of SCNA between AA and EA LUAD samples, we see a greater burden of SCNA
in AA vs. EA samples, as well as differences in the recCNA and gene expression of two NSCLC genes,
MAPK1 and HRAS. A main limitation of our SCNA analysis stems from the limited number of AA
samples in comparison to the EA samples. This difference in sample size correlated with the number

of recurrent copy number alterations that GAIA could identify in AA (769) vs. EA (2347) samples. In
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future, to allow for a better comparison of recCNAs between the groups, working with a sample size
of AA samples similar to that of EA samples, or incorporating a normalization technique that

accounts for the difference in sample size when identifying recCNAs will be useful.
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5. Comparison of Mutations

5.1 Introduction

Among the genetic alterations that make cells cancerous, DNA mutations are well studied and have
provided a lot of insight into the molecular nature of cancers. As is mentioned in chapter 1.2.2, gene
mutations frequently associated with the onset of NSCLC involve tumour suppressors like LKB1,
RASSF1A, FHIT, p16 and p53, as well as oncogenic drivers such as EGFR, KRAS, BRAF, PIK3CA, ALK,
RET and VEGF (El-Telbany and Ma, 2012; Herbst et al., 2008; Shames and Wistuba, 2014; Sinkala,
2023).

Studies examining differences in the presence of NSCLC-related mutations between samples of
African ancestry (AA) and European ancestry (EA) have produced varied results. Some studies have
identified a lower amount of cancer-related mutations in AA samples relative to EA samples (Araujo
et al., 2015a; Costa et al., 2021; Lusk et al., 2019; Steuer et al., 2016), while other studies could not
identify any such difference between the groups (Araujo et al., 2015b; Campbell et al., 2017). Cross-
ethnic consistency in the frequency of mutations in important NSCLC-related genes such as EGFR,

KRAS, and PIK3CA have been reported (Araujo et al., 2015a; Campbell et al., 2017)

Existing research suggests that while the NSCLC genetic mutation landscape is largely similar
between tumours of AA and EA, differences in the frequency of cancer driver mutations between the
two groups are observed. Considering the underrepresentation of AA patient samples in cancer
genetic research, whether ethnicity-based molecular differences in NSCLC contribute to
discrepancies in NSCLC incidence and outcomes between different ethnic groups remains a relevant
guestion, and will help inform the clinical utilisation of mutation screening to inform cancer
treatment. In this chapter, we compare the mutational burden and frequency of gene mutations in

TCGA-LUAD AA and EA samples to see if any relevant differences can be uncovered.

5.2 Methods

5.2.1 Downloading and processing mutation related data for analysis

In order to compare the occurrence of mutations between the two groups, a mutation annotation
file (MAF) containing somatic mutations of the TCGA-LUAD samples was downloaded from the NCI
Genomic Data Commons (GDC) data portal using the TCGAbiolinks (version 2.24.3) package in
RStudio (Colaprico et al., 2016). More specifically, the GDCquery function was used to retrieve a list
of MAFs from the TCGA-LUAD study that were open access, had simple somatic mutation

information, and were classified as legacy data by TCGA. After assessing the available files,
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GDCdownload was used to download the automated somatic MAF file, which contained mutation
data for 569 samples from the TCGA-LUAD study. The selected MAF file prioritized sensitivity over
specificity unlike the other MAF files, which went through more stringent manual and automatic
curation of the identified mutations. The automated somatic MAF file was used because the less
stringent filtering of its mutation data provided more opportunities to detect potentially interesting
differences in mutations between the AA and EA groups in the analysis that followed. The Maftools
package (version 2.12.0) was then used to subset the selected MAF file and create two separate MAF
files, one containing the mutation information of the propensity-matched samples of EA and one
containing the mutation information of the propensity-matched samples of AA (Mayakonda et al.,
2018). The subsequent mutational landscape analyses utilised the resulting MAF files, which

encompassed 147 EA and 49 AA samples.

5.2.2 Comparison of mutational burden

To assess the mutational burden of the LUAD cells from the two groups, the median number of
mutations (deletions, insertions, and substitutions) per sample for each group was determined then
compared. The number of mutations per sample for the AA and EA groups was obtained from their
MAF files. Box plots showing mutations per sample for each group were made using RStudio’s in-
house boxplot function. Subsequently, a Wilcoxon rank-sum test (Mann-Whitney U test) assessed if
there was a statistically significant difference (p-value < 0.05) in the median number of mutations

per sample between the two groups.

5.2.3 Comparison of mutational frequency

The Maftools package was used to compare the frequency of gene mutations between the groups.
Maftools’” mafcompare function was utilised to determine which genes had a different mutation
frequency between the two groups. Mafcompare uses Fisher’s exact statistical test to do this. A p-
value threshold of 0.05 was used to identify genes with differing mutation frequencies between the

two groups.

5.3 Results

5.3.1 Comparison of mutation burden

To discern potential differences in mutational burden between LUAD samples of AA and EA, we
analysed the number of mutations per sample for each group. The box plots in Figure 5.1 show that
the median number of mutations per sample was greater in the AA group than in the EA group. The
result of the Wilcoxon rank sum test provided a p-value of 0.125, indicating no statistically significant

difference in the number of mutations per sample between the two groups.
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Figure 5.1 Box plots showing the number of mutations per sample for the AA and EA groups. A Wilcoxon rank sum test
indicated that there was no statistically significant difference in the median number of mutations per samples between the
two groups.

5.3.2 Comparison of mutational frequency

To further explore the potential mutation differences between the two groups, we analysed the
mutation frequency of each gene and pinpointed genes that exhibited significantly varied mutation
rates between the two groups. There was a large overlap in the mutation frequencies of genes
between the two groups. Among the top 10 mutated genes in each of the two groups, 8 were shared

and had similar frequencies of mutations in the two groups (Fig. 5.2).

Use of the Fishers exact test revealed that a total of 101 genes were mutated at different frequencies
between the two groups (supplementary table 7), with a p-value of < 0.05. Of these, 98 had a higher
mutation frequency in the AA group than the EA group, and only 3 had a higher mutation frequency
in the EA group than the AA group (Table 5.3). Amongst the differentially mutated genes, no genes
formed part of the KEGG pathway NSCLC gene list.
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Figure 5.2. Top 10 most frequently mutated genes in AA group (a) and EA group (b). Percentages indicate the proportion
of samples in each group with a mutation in a particular gene, and the x axis indicates the number of alterations to that
gene among the group.

Table 5.1 Top differentially mutated genes: The tables show the top differentially mutated genes that are more mutated in
the AA group than the EA group (a) and those that are more mutated in the EA group than the AA group (b). Genes with a

p-value of < 0.05 were considered differentially mutated after performing Fishers’ exact test.

A

GENE AA EA  PVAL OR
SYMBOL

NMES 9(18%) 3(2%) 0,0002 10,6
NLRPG 5(10%) 0 0,0008 Inf
CoORFZ | 7(14%) 2(1%) 0001 11,9
KIAAD226 | 7(14%) 2(1%) 0,001 119
MCM10 | 7(18%) 2(1%) 0,001 119
OPLAH 7(14%)  2(1%) 0,001 11,9
FCGR3A | 6(12%) 1(1%) 0001 20
FLRT3 6(12%) 1(1%) 0,001 20
PCDHGB3Z | 7(14%) 3(2%) 0,003 79
OR6F1 9(18%) 6(4%) 0,003 5.2
CHST1 5{10%) 1(1%) 0004 16,3
OXCT1 5{10%) 1(1%) 0,004 16,3
SIC17A3 | 5(10%) 1(1%) 0,004 16,3
s1C3A1 5{10%) 1(1%) 0,004 16,3
TTLLS 5{10%) 1(1%) 0,004 16,3

B

GENE AA EA PVAL OR
SYMBOL

AGMO 0 14{10%) 0,023
CREBBP |0 12(8%) 0,04
KIAA1210 | 1(2%)  17(12%) 0,05 0,16
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5.4 Discussion

In this chapter, we set out to identify whether there are differences in the number of mutations per
sample and in the mutation frequency of any gene between cancer cells from the TCGA-LUAD AA and
EA samples. The observed higher median number of mutations per sample in AA tumours compared
to EA tumours was not statistically significant. Although some studies have reported a difference in
mutational burden between AA and EA lung cancer tumours (Araujo et al., 2015a; Costa et al., 2021;
Lusk et al., 2019; Steuer et al., 2016), our results align with other studies that have identified no such
difference (Araujo et al., 2015b; Campbell et al., 2017). Differences in mutational burden between
the two groups that have been observed in the past may in part be due to the fact that among the
AA population there is generally a greater diversity of single nucleotide polymorphisms, and more

genetic variation than among the EA population group (Hughes et al., 2008).

While the mutation frequency for most genes was consistent between the two groups, we identified
101 genes with differing mutation frequencies between them. We found that none of these genes
with differing mutation frequencies between the two groups were part of the KEGG NSCLC gene list,

indicating that the frequency of mutation of cancer-related genes is similar between the two groups.

To identify which of the differentially mutated genes may contribute to biological differences
between the AA And EA groups, we isolated genes that were both differentially mutated and SDE
(from chapter 3) between the two groups. Four genes matched this criteria: UGT2B11, PCDHBS6,
KIAA1210 and NTNG2.

NTNG2 had a greater mutation rate among the AA group than the EA group (odds ratio = 8.1, p-value
= 0.01), and its gene expression was significantly upregulated (log2-transformed fold change = 1.2,
adjusted p-value = 0,0056) in the AA group relative to the EA group. NTNG2 encodes a netrin protein
and its differential expression has been observed in a number of cancers, including lung cancer (Hao
et al., 2020). In a pan cancer study looking into the activity of Netrins in cancer, Hao et al. (2020)
postulated that NTNG1 and NTNG2 are potential diagnostic biomarkers markers and therapeutic
targets because of their association with multiple cancers and involvement in drug response
pathways. The researchers found that NTNG2 is strongly involved in cell cycle arrest, the inhibition of
estrogen, and the activation of the epithelial-mesenchymal transition. Genes implicated in these
pathways also emerged as probable contributors to the biological disparities between the two
groups in our differential gene expression and enrichment analyses. This highlights the potential

significance of the differential mutation and expression of NTNG2 between the groups.
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UGT2B11 had a greater mutation frequency in AA vs. EA tumours (odds ratio = 6.1, p-value = 0.008),
and its gene expression was significantly downregulated (log2-transformed fold change =-2.7,
adjusted p-value = 0.012) in the AA relative to the EA group. Interestingly this gene, as well as other
UDP glucuronosyltransferase (UGT) family members, formed part of the xenobiotics and hormone
regulation-related gene sets that were enriched among our SDE genes. Considering the vital role of
UGT proteins in modifying steroid hormones and drugs in order to abolish their biological activity
and facilitate their excretion from the body, we postulate that the differential expression of this
group of genes would be central in creating differences in the tumour microenvironment and
response to drugs of the AA vs. EA tumours. The differential mutation rate and differential
expression of UGT2B11 between the two groups makes this gene a likely contributor to clinically

relevant biological differences that may exist between these two groups.

The PCDHB6 gene is mutated significantly more frequently in the AA group than in the EA group
(odds ratio = 4.7, p-value = 0.01), and its expression is also significantly lower in the AA group (log2-
transformed fold change = -1, adjusted p-value = 0.0016). The PCDHB6 gene forms part of the
protocadherin beta gene cluster which encodes cadherin like cell adhesion proteins that likely play
an important role in cell-cell neural connections (Frank and Kemler, 2002). A pre-print describing a
study by Huang et al. (2022) associated increased expression of PCDHB6 with poor prognosis in
gastric cancer, as well as an increased level of cancer fibroblast invasion in LUADs and a number of
other cancers. In chapter 3.4 we postulated that the decreased expression of certain genes in the
cell-cell adhesion gene sets in AAs vs EAs, as well as the decreased expression of the mesenchyme
development gene set in AAs vs EAs may relate to the AA tumours being less mesenchymal than EA
tumours. Since cancer fibroblast invasion is linked to the epithelial-mesenchymal transition of cancer
cells, the association that Huang et al. (2022) found between increased PCDHB6 expression and
cancer fibroblast invasion in LUADs, as well as the decreased gene expression of PCOHB6 in AAs vs.
EAs that we observe, support our theory that the AA tumours in this study are less mesenchymal
than the EA tumours. The greater mutation rate of this gene in AAs may contribute to the difference

in expression of this gene between the two groups.

KIAA1210 is mutated more frequently in EAs (odds ratio = 0.16, p-value = 0.05) and exhibits
significantly lower expression in the AA group compared to the EA group (log2-transformed fold
change = -1.2, adjusted p-value = 0.038). This gene is primarily expressed in the testis, where it is an
important cell junction protein involved in cell-cell adhesion (lwamori et al., 2017). KIAA1210 hasn’t
been implicated in cancer genetics research. In this case, its involvement in cell-cell adhesion, and

differential expression and mutation frequency between the AA and EA groups means it may play a
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role in the more epithelial and less mesenchymal nature of AA tumour cells than EA that we

postulate in this study.

Overall, despite the largely similar mutational landscape between the AA and EA groups, several
genes that displayed both differential mutation and significant differential expression between the

groups emerged as potential drivers of biological differences in tumours from these populations.
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6. Conclusion

Cancer genetics research has facilitated an improved molecular understanding of cancer which has
allowed for better treatment recommendation and novel treatment development to better deal with
cancer. The majority of this research has been done on cohorts that are predominantly of European
ancestry. Subtle differences in the genetic traits of populations of different ethnic groups, means
that cancer associated variants specific to other ethnic groups (i.e., African and Asian ancestry) may
be overlooked in research that is biased toward any particular ethnic group. Understanding what
types of differences, if any, exist in cancer genetics between different ethnic groups has recently
become a research topic of interest that aims to identify cross ethnicity, and ethnicity specific

genetic variants to improve clinical interventions against cancer.

In this study, we aimed to identify if any genetic differences exist between lung adenocarcinoma
(LUAD) from patients of African ancestry (AA) and European ancestry (EA), and if these differences
are potentially biologically and clinically meaningful. While there was substantial genetic similarity in
LUAD cells between the two groups, we identified genes and gene sets that exhibited differential
expression, distinct copy number alterations, or varied mutation frequencies between the two
populations. The main biological processes through which we predict these genes may result in
differences in tumour biology between these two groups are the metabolism of xenobiotics (i.e.
drugs) and hormones, epithelial to mesenchymal transition (EMT), and mitochondrial energy

production.

The upregulation of mitochondrial energy production related genes in AA samples potentially points
toward a fundamental difference in the glucose metabolism and energy production of the AA
tumours vs. the EA tumours. This result suggests that the EA tumours utilise the traditional aerobic
glycolysis method of energy production in cancer cells more than the AA samples, which in this case
rely more on mitochondrial energy production. The change in glucose metabolism is a hallmark of
cancer cell development, so such a difference in the biology of the cancers would not be a trivial

one.

We observed differences in gene expression and mutation patterns within genes associated with the
cellular metabolism of xenobiotics and the regulation of hormone levels. The metabolism of drugs

targeting cancer cells can influence the cell's sensitivity or resistance to these drugs. Population level
differences in the activity of drug metabolising genes may therefore influence the efficacy of drugs in

different populations. Hormone levels in a tumour’s microenvironment affect the tumours
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proliferation, growth, and sensitivity to treatments. Differences in hormone levels that a tumour is
exposed to and the way it responds to these hormones alter the pathways it relies on for growth and

proliferation, and therefore affect the types of treatment strategies suitable to kill the tumour.

The downregulated expression and differential mutation rate of certain genes suggested a difference
in EMT between the two groups. EMT is a hallmark of cancer development, and is primary for the
development of metastasis in cancers. Genetic differences between the two groups in this study
suggest that the AA tumours are more epithelial and less mesenchymal than the EA tumours. Given
that we ensured there was no difference in the metastasis of cancers between the two groups, this
result suggests that AA tumours may rely on a slightly different mechanism to establish metastasis
compared to EA tumours. Whatever the case, the difference in genetic traits relating to this essential

process in cancer development is an interesting one.

In future, certain adjustments to the study design may help further validate the results and provide
more robust findings. Although genetic differences can be useful markers of differences in biology
between tumours, further support for the biological significance of these genetic changes can be
gained though the identification of concordant protein expression differences between the groups of
interest. Furthermore, a larger sample size, particularly for the AA group, would provide more
statistical power to the analysis, and be able to detect genetic variations that are less frequent
between the two groups. Since clinically relevant population level differences in disease associated
genetic traits often come from rare variants, increasing sample size to improve detection of rare
variants will prove useful. Additionally, the use of ancestry informative genetic markers instead of
self-reported race to separate samples into AA and EA will help better separate samples by genetic
ancestry, and the controlling for more exposure/environmental differences between the two groups
will reduce confounding in the analysis. The ability to implement the mentioned improvements in a
study is often limited when conducting a secondary analysis of previously collected data. To
maximize the robustness of gene-disease associations derived from secondary analyses, primary
data collectors should explore feasible ways to enhance information collection, thereby improving
the utility of the data. In turn, researchers conducting secondary analyses should take into account
the aforementioned considerations when selecting a sample source. They may also consider the

option of combining data from multiple sources to bolster the strength of their analysis.

The study's findings regarding the genetic differences between LUAD patients of AA and EA offer
valuable insights into the complex interplay of cancer genetics and ethnicity. While the potential
implications for early detection and tailored therapies are intriguing, it is important not to jump

toward proposing ethnicity-specific cancer therapies based solely on genetic differences as cancer
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stems from a complex combination of the biological and environmental factors that an individual is
subject to. Instead, the observed differences in cancer genetics should prompt a broader discussion
on how to incorporate ethnic diversity into cancer research and treatment paradigms. Backed by
findings such as those communicated in this study, these discussions should develop a level of
awareness and sensitivity to ethnicity-based genetic differences in cancers to encourage more
inclusive research, and a consideration of ethnicity based biological differences when recommending
treatment regimens. Considering the nascent nature of research associating the difference in cancer
genetics between ethnic groups to differences in the efficacy of certain cancer treatment regimens,
the use of ethnicity-based cancer genetic differences to inform differential treatment regimens
should not be prescriptive, but should rather be a point of consideration that clinicians are aware of
and can draw on when deciding on the best treatments for a patient. With time, the information
gleaned from diverse populations should inform a more comprehensive understanding of cancer
genetics that can inform more personalised and effective means of detecting and treating cancer
based on both the biological characteristics (including ethnicity) and environmental exposures of a
patient. A focus on engagement with relevant research and clinical stakeholders is necessary to
facilitate a diversity aware approach to cancer genetics research and cancer treatment to allow for

the continuous improvement in the efficacy of personalised cancer treatment regimens for all.

Overall, we identified genetic differences between AA and EA LUADs from the TCGA-LUAD study. The
involvement of these genes in critical cellular functions, tumour processes, and drug response
pathways underscores the potential clinical relevance of their differences between the two groups.
These findings highlight the need for the representation of adequate numbers of different ancestral
populations in cancer genetic studies to better understand the overlap and differences in cancer-
genetics associations between different groups. It is through such studies that the validation or
disapproval of the differences we identified will be possible. Furthermore, these studies will
contribute to both our general understanding of lung cancer genetics and our understanding of how

these genetic factors may vary across different populations.
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Supplementary tables

Supplementary table 1. Clinical information of samples before and after PSM, which considered patient age and tobacco

smoking history.

Unmatched Cohort 1:2 propensity matched | 1:3 propensity 1:4 propensity matched
matched
AFR Ancestry | EUR Ancestry  P-value EUR ancestry  P-value EUR P-value EUR P-value
Patients | 49 371 (88.3) 0.0003 98(66.7%) 0.89 147(75%) 0.9 196(80%) 0.47
Age (mean) | 60 65.8 59.8 60.5 61.3
Sex 0.98 0.86 0.87 0.77
Male | 21(42.9%) 164(44.2%) 45(45.9%) 67(45.6%) 91(46.4%)
28(57.1%) 207(55.8%) 53(54.1%) 80(54.4%) 105(53.6%)
Female
Pathologic 0.55 0.88 0.62
T stage 0.613
T1 | 22(44.9%) 135(36.4%) 38(38.8%) 61(41.5%) 75(38.3%)
T2 | 20(40.8%) 191(51.5%) 51(52%) 69(46.9%) 99(50.5%)
T3 | 6(12.2%) 33(8.9%) 7(7.1%) 15(10.2%) 17(8.7%)
T4 | 1(2%) 10(2.7%) 2(2%) 2(1.4%) 5(2.6%)
X | 0 2(0.5%) 0 0 0
Tobacco 0.016 0.8 0.74 0.56
smoking
history
1 | 3(6.1%) 60(16.17%) 8(8.2%) 12(8.2%) 18(9.2%)
2 | 17(34.7%) 83(22.4%) 41(41.8%) 58(39.5%) 64(32.7%)
3 | 10(20.4%) 100(27%) 15(15.3%) 25(17%) 36(18.4%)
4 | 17(34.7) 126(34%) 32(32.7%) 50(34%) 76(38.8%)
5| 2(4.1%) 2(0.5%) 2(2%) 2(1.4%) 2(0.01%)
Pathologic 0.63 0.71 0.61 0.65
N stage
NO | 29(59.2%) 253(68.2%) 67(68.4%) 102(69.4%) 136(69.4%)
N1 | 12(24.5%) 59(15.9%) 20(20.4%) 26(17.7%) 34(17.3%)
N2 | 7(14.3%) 50(13.5%) 10(10.2%) 17(11.6%) 23(11.7%)
N3 | O 1(0.3%) 0 1(0.7%) 1(0.5%)
NX | 1(2%) 8(2.2%) 1(1%) 1(0.7%) 2(1%)
Patho/ogic 0.178 0.24 0.09 0.12
M stage
MO | 25(51%) 241(65%) 62(63.3%) 101(68.7%) 131(66.8%)
M1 | 2(4.1%) 16(4.3%) 8(8.2%) 8(5.4%) 10(5.1%)
MX | 21(42.9%) 112(30.2%) 27(27.6%) 37(25.2%) 54(27.6%)
Unknown | 1(2%) 2(0.5%) 1(1%) 1(0.7%) 1(0.5%)
Mean p- 0.403 0.68 0.68 0.53
value
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Supplementary Table 2Clinical information of samples before and after PSM, which considered patient age, sex, pathologic
T stage, pathologic N stage, pathologic M stage and tobacco smoking history.

Unmatched Cohort Propensity-matched Propensity- matched Propensity Matched
1:2 1:3 1:4
AFR Ancestry EUR Ancestry  P-value EUR P-value EUR P-value EUR P-value
ancestry
Patients | 49 (11.7%) 371 (88.3) 98(66.7%) 147(75%) 196(80%)
Age (mean) | 60 65.8 0.0003 58.8 0.49 60.2 0.93 61.7 0.33
Sex 0.98 1 1 0.82
Male | 21(42.9%) 164(44.2%) 42(42.9%) 62(42.2%) 90(45.9%)
28(57.1%) 207(55.8%) 56(57.1%) 85(57.8%) 106(54.1%)
Female
Pathologic 0.613 0.89 0.95 0.93
T stage
T1 | 22(44.9%) 135(36.4%) 38(38.8%) 60(40.8%) 81(41.3%)
T2 | 20(40.8%) 191(51.5%) 45(45.9%) 66(44.9%) 90(45.9%)
T3 | 6(12.2%) 33(8.9%) 12(12.2%) 17(11.6%) 22(11.2%)
T4 | 1(2%) 10(2.7%) 3(3.1%) 4(2.7%) 3(1.5%)
TX | O 2(0.5%) 0 0 0
Tobacco 0.016 0.51 0.72 0.55
smoking
history
1| 3(6.1%) 60(16.17%) 10(10.2%) 14(9.5%) 19(9.7%)
2 | 17(34.7%) 83(22.4%) 36(36.7%) 54(36.7%) 61(31.1%)
3 | 10(20.4%) 100(27%) 11(11.2%) 25(17%) 42(21.4%)
4| 17(34.7) 126(34%) 39(39.8%) 52(35.4%) 72(36.7%)
5| 2(4.1%) 2(0.5%) 2(2%) 2(1.4%) 2 (1%)
Pathologic 0.63 0.9 0.98 0.98
N stage
NO | 29(59.2%) 253(68.2%) 54(55.1%) 84(57.1%) 116(59.2%)
N1 | 12(24.5%) 59(15.9%) 23(23.5%) 35(23.8%) 45(30%)
N2 | 7(14.3%) 50(13.5%) 19(19.4%) 25(17%) 32(16.3%)
N3 |0 1(0.3%) 0 0
NX | 1(2%) 8(2.2%) 2(2%) 3(2%) 3(2%)
Pathologic 0.178 0.83 0.71 0.73
M stage
MO | 25(51%) 241(65%) 57(58.2%) 82(55.8) 105(53.6%)
M1 | 2(4.1%) 16(4.3%) 4(4.1%) 9(6.1%) 10(5.1%)
MX | 21(42.9%) 112(30.2%) 36(36.7%) 55(37.4%) 80(40.8%)
Unknown | 1(2%) 2(0.5%) 1(1%) 1(0.68%) 1(0.5%)
Mean p- 0.403 0.77 0.88 0.72
value

66




Entrez gene id Gene symbol Log2-transformed FoldChange | Adjusted p-value
1015 CDH17 -4 0,000000000000002
793 CALB1 -4,3 0,0000000003
1415 CRYBB2 1,8 0,000000001
5320 PLA2G2A -2,5 0,00000005
462 SERPINC1 1,7 0,000000065
8788 DLK1 -5 0,00000073
3929 LBP 3,3 0,0000012
23145 SSPOP 1,8 0,0000016
441273 SPDYE1 1,5 0,0000016
192683 SCAMP5 1 0,0000018
1088 CEACAMS -3,2 0,000002
23615 PYY2 1,5 0,0000024
378825 LINC00162 -3,5 0,000006
3642 INSM1 -2,8 0,0000066
131831 FAM194A 1,4 0,0000072
4922 NTS -2,9 0,000015
152573 SHISA3 -2,1 0,000018
5913 RAPSN 1,6 0,000019
7499 XG -1,9 0,000024
119 ADD2 -1,6 0,000024
4760 NEUROD1 -3,9 0,000026
126147 NTN5 1,3 0,000026
285596 FAM153A 1,9 0,000026
312 ANXA13 -2,6 0,000033
122402 TDRD9 -1,9 0,000033
148170 CDC42EP5 1,2 0,000039
191585 PLAC4 2,1 0,000045
2953 GSTT2 1,2 0,000045
25837 RAB26 1,5 0,000058
7490 WT1 -1,9 0,000081
440307 TTLL13 1 0,000082
389383 CLPSL2 2,2 0,00012
130013 ACMSD -2,5 0,00012
10326 SIRPB1 -1,3 0,00012
204801 NLRP11 2,6 0,00012
3299 HSF4 1,2 0,00012
1555 CYP2B6 1,8 0,00014
56670 SUCNR1 -1,4 0,00014
2837 UTS2R 2,2 0,00016
339674 LINC00634 1,4 0,00016
126248 WDR88 1 0,00017
162632 null -1,2 0,00017
79853 TMA4SF20 -3,3 0,00017
9421 HAND1 -2,8 0,00018
100134938 UPK3BL 1,1 0,00018
728882 FAM182A 1,3 0,00018
728875 RP11-640M9.1 1,1 0,00018
4588 MUC6 2,1 0,00019
284359 1IZUMO1 1,5 0,00021
415 ARSE -1,5 0,00028
3293 HSD17B3 1,6 0,00028
66002 CYP4F12 1,5 0,00028
797 CALCB -3,4 0,00029
152404 IGSF11 1,4 0,00029
7857 SCG2 -1,5 0,00029

Supplementary table 3. List of SDE genes with their log2-transformed fold change and adjusted p-
values. Results show differential expression in AA samples relative to EA samples.
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Entrez gene id Gene symbol Log2-transformed FoldChange | Adjusted p-value
401105 FLJ42393 -1,9 0,00029
118430 MUCL1 2,5 0,00029
221481 ARMC12 1 0,00032
2984 GUCY2C -1,6 0,00033
389812 LCN15 -5,6 0,00036
202134 FAM153B 1,8 0,00036
6328 SCN3A -1,8 0,00038
116285 ACSM1 1,3 0,00038
7448 VTN -1,4 0,00039
3598 IL13RA2 -1,8 0,00046
163688 CALML6 1,5 0,00047
386617 KCTD8 -2,3 0,00048
92291 CAPN13 1,4 0,00052
6553 SLC9A5 1 0,00055
155185 AMZ1 -1,1 0,00055
100127888 RP11-93B14.5 1,6 0,00057
6555 SLC10A2 -2,9 0,00059
8345 HIST1H2BH 1,7 0,00063
57467 HHATL -2,4 0,00063
2147 F2 -3,4 0,00066
116534 MRGPRE -2,3 0,00067
126129 CPT1C 1,1 0,00069
124773 Cl7orf64 1,5 0,00073
6326 SCN2A -1,6 0,00077
8928 FOXH1 1,3 0,0008
126006 PCP2 1,2 0,0008
644172 AC139677.11 -1,1 0,0008
374286 CDRT1 1,3 0,00083
10517 FBXW10 1,5 0,00085
54798 DCHS2 1,4 0,00088
158521 FMRINB 3,1 0,0009
84848 MIR503HG 1 0,0009
8912 CACNAIH -1,2 0,00092
8685 MARCO -1,5 0,00092
349196 LINCO00965 -1,1 0,00093
84889 SLC7A3 -2,3 0,001
56062 KLHL4 -1,1 0,001
54474 KRT20 -3 0,001
100130958 SYCE1L 1,1 0,0011
3960 LGALS4 -1,8 0,0011
1638 DCT 1,6 0,0012
51233 C220rf43 1,3 0,0012
54898 ELOVL2 -1,2 0,0012
345557 PLCXD3 -1,4 0,0012
5179 PENK -1,6 0,0013
2326 FMO1 -1 0,0013
816 CAMK2B -1,6 0,0013
3158 HMGCS2 -2,1 0,0013
57007 ACKR3 1 0,0014
100144604 LINC00930 1,5 0,0015
460 ASTN1 -1,7 0,0016
56130 PCDHB6 -1 0,0016
55600 ITLN1 -2 0,0018
9947 MAGEC1 -2,8 0,0018
9543 IGDCC3 -1,6 0,0018
1294 COL7A1 1,3 0,0019
414060 TBC1D3 1,1 0,0019
5950 RBP4 -1,4 0,0019
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Entrez gene id Gene symbol Log2-transformed FoldChange | Adjusted p-value
9048 ARTN 1,1 0,0021
290 ANPEP -1,1 0,0024
1826 DSCAM -1,7 0,0024
340508 RP11-520B13.4 1,9 0,0024
360226 PRSS41 -3,2 0,0024
285696 AC091878.1 1,5 0,0024
199675 C190rf59 -1,6 0,0025
4160 MC4R 1,5 0,0027
51237 MZB1 1,1 0,0027
57451 TENM2 -1,3 0,0029
3990 LIPC -1,2 0,003
1404 HAPLN1 -1,3 0,003
139599 MAGEE?2 -1,5 0,003
147111 NOTUM 1,4 0,0031
728215 FAM155A -1,1 0,0031
2167 FABP4 -1,8 0,0031
387644 LINC00202-1 1,1 0,0034
152330 CNTN4 -1,2 0,0035
3008 HIST1IH1E 1,1 0,0035
222546 RFX6 -3 0,0036
5593 PRKG2 -1,3 0,0037
479 ATP12A 1,8 0,0037
6664 SOX11 -1,7 0,0038
6769 STAC -1,1 0,0039
29953 TRHDE -1,7 0,0041
56969 RPL23AP32 -1,2 0,0041
653499 LGALS7 1,9 0,0042
85009 MGC16025 1 0,0043
10255 HCG9 1,5 0,0043
154197 PNLDC1 1,5 0,0045
2201 FBN2 -1,1 0,0048
4317 MMP8 -1,4 0,0049
51066 SSUH2 1,2 0,0051
352999 C6orf58 2,2 0,0051
727940 RHOXF2B 2,9 0,0052
51617 NSG2 -1,7 0,0053
6043 EIF4A2 1,4 0,0053
400224 PLEKHD1 1,4 0,0054
84628 NTNG2 1,2 0,0056
5801 PTPRR -1,1 0,0056
1029 CDKN2A 1,3 0,0056
96626 LIMS3 -1 0,0059
57526 PCDH19 -1,1 0,006
9464 HAND2 -2,1 0,006
169166 SNX31 1,5 0,006
128864 C200rf144 1,5 0,0062
84623 KIRREL3 -1,2 0,0064
4504 MT3 1,3 0,0064
3481 IGF2 -1,3 0,0064
27063 ANKRD1 -1,7 0,0066
200010 SLC5A9 -1,3 0,0066
341208 HEPHL1 -1,6 0,0067
116931 MED12L 1,1 0,0067
348980 HCN1 -1,7 0,0067
125115 KRT40 -1,8 0,0067
405753 DUOXA2 1,1 0,0067
257629 ANKS4B -2,3 0,0068
732 C8B -1,7 0,0068
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Entrez gene id Gene symbol Log2-transformed FoldChange | Adjusted p-value
3078 CFHR1 -2 0,0068
8190 MIA 1,1 0,0068
677847 SNORA81 1,2 0,0069
9271 PIWIL1 -2,3 0,0069
114770 PGLYRP2 1,1 0,007
4360 MRC1 -1 0,0071
1813 DRD2 1,4 0,0073
125972 CALR3 1,3 0,0073
643236 TMEM72 -1,8 0,008
389058 SP5 1,1 0,0081
6003 RGS13 -1 0,0081
6528 SLC5A5 1,6 0,0082
8424 BBOX1 1,3 0,0083
8707 B3GALT2 -1,2 0,0086
1821 DRP2 -1,1 0,0087
1592 CYP26A1 -1,4 0,0088
563 AZGP1 -1,5 0,0088
158830 CXorf65 1,1 0,0088
781 CACNA2D1 -1,1 0,0089
84658 EMR3 -1,2 0,0093
7425 VGF -1,4 0,0094
117156 SCGB3A2 -1,5 0,0094
58512 DLGAP3 1 0,0096
57453 DSCAML1 -1,1 0,0097
167681 PRSS35 -1,1 0,0097
222171 PRR15 1,1 0,0098
401562 LCNL1 1,1 0,0098
644974 ALG1L2 1,3 0,0099
10882 ClQL1 -1,2 0,01
108 ADCY2 -1,1 0,011
57864 SLC46A2 -1,2 0,011
646 BNC1 -1,4 0,011
1000 CDH2 -1,2 0,011
29118 DDX25 1,5 0,011
64102 TNMD -2,3 0,011
51352 WT1-AS -1,5 0,011
25758 KIAA1549L -1 0,011
10720 UGT2B11 -2,7 0,012
284111 SLC13A5 -1,2 0,012
3237 HOXD11 -2,7 0,012
360205 PRAC2 -2,4 0,012
1991 ELANE -1,5 0,012
6663 SOX10 1,2 0,012
652995 UCAl -1,5 0,013
1369 CPN1 -4,2 0,013
64090 GAL3ST2 1,3 0,013
1551 CYP3A7 -1,5 0,014
270 AMPD1 1,1 0,014
846 CASR -1,6 0,014
57094 CPA6 -1,4 0,015
93978 CLEC6A -1,2 0,015
2354 FOSB -1,2 0,015
84570 COL25A1 -1,8 0,015
285852 TREML4 1,2 0,015
54457 TAF7L -1,4 0,015
1299 COL9A3 1 0,016
10917 BTNL3 -1,9 0,016
148823 GCSAML -1 0,016
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Entrez gene id Gene symbol Log2-transformed FoldChange | Adjusted p-value
1776 DNASE1L3 -1,2 0,016
388951 TSPYL6 1,2 0,017
54456 MOV10L1 1 0,017
56163 RNF17 1,3 0,017
7032 TEF2 2,8 0,017
3222 HOXC5 -1,1 0,017
5276 SERPINI2 1,2 0,017
56147 PCDHAL -1,2 0,017
131034 CPNE4 1,1 0,017
414062 CCL3L1 1,1 0,017
112609 MRAP2 1,1 0,018
5083 PAX9 1 0,018
64850 ETNPPL -2,8 0,018
2566 GABRG2 -3,2 0,018
4892 NRAP 1,3 0,018
645528 LINC00264 1,1 0,018
81551 STMN4 1,6 0,018
4319 MMP10 1,4 0,018
26577 PCOLCE2 -1,1 0,019
730130 TMEM229A -2 0,019
1261 CNGA3 -1,5 0,019
218 ALDH3A1 1,4 0,02
7363 UGT2B4 -1,4 0,02
339977 LRRC66 1 0,02
729522 AACSP1 1,4 0,02
389197 C4orf50 1,2 0,02
6278 S100A7 -2,4 0,02
165257 ClQL2 -1,8 0,02
341350 OVCH1 -1,8 0,02
425054 VCX3B 1,8 0,02
2835 GPR12 1,7 0,02
285180 RUFY4 1 0,021
5169 ENPP3 1,2 0,021
10223 GPA33 -1,2 0,021
2244 FGB -2 0,022
6540 SLC6A13 -1,2 0,022
317772 HIST2H2AB 1,3 0,022
2571 GAD1 1,1 0,022
401565 FAM166A 1,2 0,022
7364 UGT2B7 -1,2 0,023
6474 SHOX2 1,1 0,023
2069 EREG -1,4 0,023
3381 IBSP -1,4 0,023
63970 TP53AIP1 1,1 0,023
5288 PIK3C2G -1,6 0,024
54658 UGT1A1 -2,3 0,024
643763 NKAIN3-IT1 -1,5 0,024
7125 TNNC2 1,2 0,024
64220 STRA6 1,1 0,024
677814 SNORA31 1,7 0,024
29986 SLC39A2 1,1 0,024
84691 FAM71F1 1,3 0,024
7015 TERT 1,1 0,024
53904 MYO3A 1,3 0,024
404203 SPINK6 -1,8 0,025
575 BAI1 -1,1 0,025
547 KIF1A 1,7 0,025
2562 GABRB3 -1,2 0,025
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Entrez gene id Gene symbol Log2-transformed FoldChange | Adjusted p-value
286749 STON1-GTF2AlL | -1,8 0,026
29991 OBP2A -2,1 0,026
642636 RAD21L1 1,8 0,027
1576 CYP3A4 1,2 0,027
1178 CLC -1,6 0,027
1401 CRP 1 0,027
7278 TUBA3C 2,8 0,027
170626 XAGE3 -2,5 0,028
6549 SLC9A2 1,2 0,028
56918 C20rf83 1,9 0,028
10642 IGF2BP1 -1,7 0,028
131405 TRIM71 -1,4 0,028
91948 LINC00923 1,3 0,028
2939 GSTA2 -1,4 0,028
84676 TRIM63 -1,3 0,028
147744 TMEM190 1,4 0,029
84530 SRRM4 -1,3 0,029
5473 PPBP -1,3 0,029
6422 SFRP1 -1 0,029
554202 MIR31HG 1,3 0,029
2044 EPHA5 -1,3 0,029
29974 A1CF -3,3 0,03
7069 THRSP 1 0,03
1577 CYP3A5 1 0,03
56311 ANKRD7 1 0,03
84634 KISS1R 1,2 0,03
143379 C100rf82 1,7 0,031
11166 SOX21 1,2 0,032
375567 VWC2 -1,2 0,032
388015 RTL1 -2,3 0,032
5063 PAK3 -1,3 0,032
145957 NRG4 1,1 0,032
181 AGRP -1,2 0,033
5308 PITX2 -1,4 0,033
91464 ISX -2,4 0,033
90226 UCN2 1 0,034
79190 IRX6 -1,1 0,034
150280 HORMAD?2 1,2 0,035
51378 ANGPT4 -1,5 0,035
57554 LRRC7 1,7 0,035
429 ASCL1 -1,8 0,035
347376 H3P44 -1,4 0,036
140832 WFDC10A 1,7 0,036
91646 TDRD12 1,3 0,036
30813 VSX1 1,1 0,037
157739 TDH 1,2 0,037
186 AGTR2 -1,3 0,038
57481 KIAA1210 -1,2 0,038
8358 HIST1H3B 1,2 0,039
100192379 PP12613 1,4 0,039
7180 CRISP2 1,5 0,039
10117 ENAM -1,1 0,04
29106 SCG3 -1,2 0,04
84944 MAEL -1,4 0,04
441476 C90rf173 1,1 0,04
100303453 TSNAX-DISC1 1,5 0,041
192666 KRT24 -1,9 0,041
81033 KCNH6 -1,1 0,041
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Entrez gene id Gene symbol Log2-transformed FoldChange | Adjusted p-value
54207 KCNK10 -1,3 0,042
400120 SERTM1 -1,7 0,042
79785 RERGL -1,2 0,042
6861 SYT5 1,3 0,042
268 AMH -1,1 0,042
1244 ABCC2 -1,2 0,042
2262 GPC5 -1,1 0,043
204962 SLC44A5 -1 0,043
3543 IGLL1 1,5 0,043
7652 ZNF99 -2 0,043
341032 Cllorf53 -1,5 0,043
84665 MYPN -1,4 0,044
89869 PLCZ1 1,8 0,044
340811 AKRI1CL1 1,4 0,045
123346 HIGD2B 1,2 0,045
8715 NOL4 -1,1 0,046
374308 PTCHD3 1,5 0,046
11211 FzZD10 1,1 0,046
347731 LRRTM3 -1,9 0,046
114131 UCN3 -1,3 0,047
57582 KCNT1 -1,1 0,048
196335 OR56B4 1,1 0,048
79782 LRRC31 -1,1 0,049
5672 PSG4 -2,7 0,049
56896 DPYSL5 -2,3 0,049
348840 ANKRD18DP 1 0,05

Supplementary table 4. Result of ORA against the KEGG Pathway database. Displayed are the KEGG

gene-sets that are overrepresented among the list of SDE genes.

ID Description GeneRatio p.adjust qvalue
hsa00982 Drug metabolism - cytochrome P450 11/137 0,000005 0,0000048
hsa00980 Metabolism of xenobiotics by cytochrome P450 10/137 0,000061 0,000058
hsa00830 Retinol metabolism 9/137 0,000099 0,000094
hsa05204 Chemical carcinogenesis - DNA adducts 9/137 0,000099 0,000094
hsa00140 Steroid hormone biosynthesis 8/137 0,00033 0,00031
hsa04976 Bile secretion 8/137 0,0039 0,0037
hsa00983 Drug metabolism - other enzymes 7/137 0,011 0,01
hsa00860 Porphyrin metabolism 5/137 0,018 0,017
hsa00053 Ascorbate and aldarate metabolism 4/137 0,034 0,032
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Supplementary table 5. Result of ORA against the GO-BP database. Displayed are the GO-BP gene-
sets that are overrepresented among the list of SDE genes.

ID Description GeneRatio p.adjust qvalue
G0:0006805 xenobiotic metabolic process 12/294 0,00039 0,00036
G0:0071466 cellular response to xenobiotic stimulus 14/294 0,00065 0,00059
G0:0010817 regulation of hormone levels 24/294 0,0011 0,001
G0:0008210 estrogen metabolic process 7/294 0,0011 0,001
G0:0009410 response to xenobiotic stimulus 20/294 0,004 0,0037
G0:0098742 cell-cell adhesion via plasma-membrane adhesion molecules 16/294 0,004 0,0037
G0:0048483 autonomic nervous system development 7/294 0,004 0,0037
G0:0034754 cellular hormone metabolic process 11/294 0,0041 0,0037
G0:0007156 homophilic cell adhesion via plasma membrane adhesion molecules 12/294 0,0047 0,0044
G0:0003357 noradrenergic neuron differentiation 4/294 0,0055 0,005
G0:0034587 pIRNA metabolic process 5/294 0,0068 0,0062
G0:0042445 hormone metabolic process 13/294 0,018 0,017
G0:0051591 response to CAMP 8/294 0,018 0,017
G0:0050808 synapse organization 18/294 0,024 0,023
G0:0070593 dendrite self-avoidance 4/294 0,024 0,023
G0:0007416 synapse assembly 11/294 0,025 0,023
G0:0010038 response to metal ion 16/294 0,025 0,023
G0:0006814 sodium ion transport 13/294 0,027 0,024
G0:0007189 adenylate cyclase-activating G protein-coupled receptor signaling pathway 10/294 0,027 0,024
G0:0042573 retinoic acid metabolic process 5/294 0,027 0,024
G0:0071692 protein localization to extracellular region 16/294 0,027 0,024
G0:0043046 DNA methylation involved in gamete generation 4/294 0,03 0,028
G0:0052695 cellular glucuronidation 4/294 0,03 0,028
G0:0035270 endocrine system development 9/294 0,03 0,028
G0:0006063 uronic acid metabolic process 4/294 0,038 0,035
G0:0019585 glucuronate metabolic process 4/294 0,038 0,035
G0:0030277 maintenance of gastrointestinal epithelium 4/294 0,038 0,035
G0:0048485 sympathetic nervous system development 4/294 0,038 0,035
G0:2000177 regulation of neural precursor cell proliferation 7/294 0,04 0,036
G0:0003211 cardiac ventricle formation 3/294 0,041 0,037
G0:0034776 response to histamine 3/294 0,041 0,037
G0:0061351 neural precursor cell proliferation 9/294 0,041 0,037
G0:0009306 protein secretion 15/294 0,041 0,037
G0:0035592 establishment of protein localization to extracellular region 15/294 0,041 0,037

adenylate cyclase-modulating G protein-coupled receptor signaling 0,042 0,038
G0:0007188 pathway 12/294
G0:0060563 neuroepithelial cell differentiation 4/294 0,042 0,038
G0:0030073 insulin secretion 10/294 0,044 0,041
G0:0042178 xenobiotic catabolic process 4/294 0,045 0,042
G0:0015833 peptide transport 12/294 0,045 0,042
G0:0008202 steroid metabolic process 14/294 0,045 0,042
G0:0002065 columnar/cuboidal epithelial cell differentiation 7/294 0,045 0,042

74



G0:0048593 camera-type eye morphogenesis
G0:0030072 peptide hormone secretion
G0:0048592 eye morphogenesis
G0:0043010 camera-type eye development
G0:0046660 female sex differentiation
G0:0046683 response to organophosphorus

G0:0030325 adrenal gland development

8/294
11/294
9/294
14/294
8/294
8/294
4/294

0,049
0,049
0,049
0,049
0,049
0,049
0,05

0,045
0,045
0,045
0,045
0,045
0,045
0,046

Supplementary table 6. Top 50 (out of 84) enriched gene sets from GSEA against the KEGG Pathway

database.

ID Description setSize  enrichmentScore NES p.adjust gvalue

hsa00190  Oxidative phosphorylation 120 0,58 2,6 0,000000011  0,000000008
hsa05016 Huntington disease 290 0,45 2,2 0,000000011 0,000000008
hsa05012 Parkinson disease 252 0,43 2,1 0,000000011 0,000000008
hsa04510 Focal adhesion 198 -0,42 -2,2 0,000000025 0,000000017
hsa05014 Amyotrophic lateral sclerosis 346 0,38 19 0,00000003 0,00000002
hsa04010 MAPK signaling pathway 292 -0,36 -1,9 0,000000075 0,000000051
hsa04151 PI3K-Akt signaling pathway 340 -0,33 -1,8 0,00000019 0,00000013
hsa05205 Proteoglycans in cancer 200 -0,39 -2 0,00000089 0,00000061
hsa03050 Proteasome 46 0,64 2,4 0,0000012 0,00000078
hsa04810 Regulation of actin cytoskeleton 223 -0,37 -1,9 0,0000023 0,0000015
hsa05010  Alzheimer disease 366 0,35 18 0,0000033 0,0000022
hsa05020 Prion disease 258 0,38 1,9 0,0000035 0,0000024
hsa05022 Pathways of neurodegeneration - multiple diseases 456 0,34 1,7 0,0000038 0,0000026
hsa04611 Platelet activation 122 -0,43 2,1 0,0000077 0,0000052
hsa03010 Ribosome 131 0,45 2 0,000011 0,0000074
hsa05208 Chemical carcinogenesis - reactive oxygen species 208 0,39 19 0,000018 0,000012
hsa04714 Thermogenesis 218 0,38 18 0,000018 0,000012
hsa04380 Osteoclast differentiation 127 0,4 -1,9 0,000062 0,000042
hsa04932 Non-alcoholic fatty liver disease 150 0,41 19 0,00007 0,000048
hsa05150 Staphylococcus aureus infection 83 -0,45 -2 0,00011 0,000077
hsa05415 Diabetic cardiomyopathy 187 0,38 1,8 0,00016 0,00011
hsa04512 ECM-receptor interaction 87 -0,44 -2 0,0002 0,00014
hsa04610 Complement and coagulation cascades 83 0,43 -1,9 0,00058 0,0004
hsa04022  cGMP-PKG signaling pathway 166 -0,35 -1,8 0,00084 0,00057
hsa04020 Calcium signaling pathway 237 0,3 -1,6 0,00087 0,00059
hsa05144 Malaria 49 -0,5 -2 0,00099 0,00067
hsa05145 Toxoplasmosis 110 -0,39 -1,8 0,0013 0,00086
hsa04360 Axon guidance 181 -0,32 1,7 0,0015 0,001
hsa05206  MicroRNAs in cancer 160 0,33 -1,7 0,0015 0,001
hsa05140 Leishmaniasis 74 -0,41 -1,8 0,0024 0,0016
hsa04014 Ras signaling pathway 231 03 -1,6 0,0024 0,0016
hsa05165 Human papillomavirus infection 320 -0,27 -1,5 0,0025 0,0017
hsa00040 Pentose and glucuronate interconversions 33 0,54 2 0,003 0,002
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hsa04350 TGF-beta signaling pathway 93 04 18 0,003 0,002
hsa04727 GABAergic synapse 87 04 18 0,003 0,002
hsa04713 Circadian entrainment 97 -0,37 -1,7 0,0036 0,0024
hsa03040 Spliceosome 129 0,37 17 0,0039 0,0027
hsa04724 Glutamatergic synapse 113 -0,35 17 0,0039 0,0027
hsa04520 Adherens junction 71 04 18 0,0049 0,0033
hsa05146  Amoebiasis 100 0,36 L7 0,0049 0,0033
hsa04921 Oxytocin signaling pathway 152 0,33 -16 0,0049 0,0033
hsa04145 Phagosome 148 -0,32 -1,6 0,0049 0,0033
hsa05152  Tuberculosis 168 O e 00 OIS,
hsa04080 Neuroactive ligand-receptor interaction 336 -0,26 14 0,0054 0,0037
AGE-RAGE signaling pathway in diabetic -0,36 -1,7 0,0055 0,0037
hsa04933 complications 100
hsa04514 Cell adhesion molecules 148 -0,32 -16 0,0056 0,0038
hsa03410 Base excision repair 33 0,53 19 0,0056 0,0038
hsa04976 Bile secretion 85 -0,39 18 0,0062 0,0042
hsa04614 Renin-angiotensin system 23 -0,58 -2 0,007 0,0047
hsa04974 Protein digestion and absorption 101 -0,36 L7 0,0075 0,0051
Supplementary table 7. Top 50 (out of 976) enriched gene sets from GSEA against the GO-BP
database.
Enrichment

ID Description setSize Score NES p.adjust gvalue

cell-cell adhesion via plasma-membrane adhesion -2,5 0,000000000000002
G0:0098742 molecules 275 -0,47 0,000000000000002

homophilic cell adhesion via plasma membrane -2,7 0,00000000000002
G0:0007156 adhesion molecules 168 -0,54 0,00000000000002
G0:0045333  cellular respiration 212 0,48 ) 0,0000000002  ©,0000000002
GO:0009060  aerobic respiration 168 0,51 23 0,0000000009  ©,0000000007
G0:0034329  cell junction assembly 411 -0,36 = 0,0000000009 ~ ©,0000000007
G0:0042773  ATP synthesis coupled electron transport 76 0,62 25 0,000000004  0,000000003

mitochondrial ATP synthesis coupled electron 2,5 0,000000003
G0:0042775 transport 76 0,62 0,000000004
GO:0022904  respiratory electron transport chain 97 0,58 2,5 0,000000006 0,000000005
GO:0060485 mesenchyme development 283 0,39 -2,1 0,000000011 0,000000009
GO:0050808  synapse organization 415 0,35 19 0,000000012 0,000000009
GO:0015980 energy derivation by oxidation of organic compounds 297 0,41 2 0,000000012 0,000000009
G0:0010257 NADH dehydrogenase complex assembly 53 0,68 2,6 0,000000013 0,00000001
G0:0032981 mitochondrial respiratory chain complex | assembly 53 0,68 2,6 0,000000013 0,00000001
G0:0033108 mitochondrial respiratory chain complex assembly 87 0,59 2,4 0,000000013 0,00000001
GO:0006119  oxidative phosphorylation 121 0,54 2,4 0,000000019 0,000000014
GO:0042060 wound healing 414 -0,35 -19 0,000000021 0,000000016

transmembrane receptor protein serine/threonine -1,9 0,000000033
G0:0007178 kinase signaling pathway 346 -0,36 0,000000043
GO:0019646  aerobic electron transport chain 68 0,62 2,4 0,000000052 0,000000039
GO:0040013  negative regulation of locomotion 313 0,36 19 0,00000012 0,000000093
GO:0002274 myeloid leukocyte activation 225 0,4 21 0,00000016 0,00000013
GO:0001667 ameboidal-type cell migration 411 0,34 19 0,00000018 0,00000014
GO0:0051271 negative regulation of cellular component movement 286 -0,36 19 0,00000019 0,00000014
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G0:0030336
G0:0043062
G0:0045229
G0:0006399
G0:0061564
G0:0030198
G0:2000146
G0:0032103
G0:0007409
G0:0046034

G0:0090287
G0:0008015
G0:0001503
G0:0048762
G0:0050900
G0:0001655
G0:0071559
G0:0045765
G0:0030900
G0:0006120
G0:1901342
G0:0022900
G0:0035265
G0:0072001
G0:0007416
G0:0003279
G0:1901888
G0:0001822

negative regulation of cell migration

extracellular structure organization

external encapsulating structure organization
tRNA metabolic process

axon development

extracellular matrix organization

negative regulation of cell motility

positive regulation of response to external stimulus
axonogenesis

ATP metabolic process
regulation of cellular response to growth factor
stimulus

blood circulation

ossification

mesenchymal cell differentiation

leukocyte migration

urogenital system development

response to transforming growth factor beta
regulation of angiogenesis

forebrain development

mitochondrial electron transport, NADH to ubiquinone
regulation of vasculature development
electron transport chain

organ growth

renal system development

synapse assembly

cardiac septum development

regulation of cell junction assembly

kidney development

263
300
302
185
474
299
278
419
429
252

284
487
402
232
372
350
240
276
366
42
280
151
155
310
178
105
197
301

-0,37
-0,36
-0,36
0,45
-0,32
-0,36
-0,37
-0,32
-0,32
0,4

-0,35
-0,3
-0,32
-0,38
-0,33
-0,33
-0,37
-0,36
-0,33
0,68
-0,36
0,46
-0,44
-0,34
-0,41
-0,47
-0,39
-0,34

-2

0,0000002
0,0000002
0,00000021
0,00000022
0,00000022
0,0000003
0,0000005
0,00000054
0,00000071
0,00000082

0,00000082
0,00000082
0,00000084
0,0000009
0,00000098
0,00000099
0,000001
0,0000011
0,0000011
0,0000012
0,0000012
0,0000012
0,0000014
0,0000019
0,0000025
0,0000029
0,0000031
0,0000036

0,00000016
0,00000016
0,00000016
0,00000017
0,00000017
0,00000023
0,00000038
0,00000041
0,00000054
0,00000063
0,00000063

0,00000063
0,00000064
0,00000069
0,00000075
0,00000075
0,0000008
0,0000008
0,00000081
0,0000009
0,0000009
0,00000095
0,0000011
0,0000014
0,0000019
0,0000022
0,0000024
0,0000027

Supplementary table 7. List of genes mutated with differing frequencies between the two groups.
Odds ratio indicates the odds that the gene is mutated in the AA group.

Gene symbol AA EA P-val Odds ratio
NMES8 9 3 0.00024 11
NLRP6 5 0 0.00083 Inf
C9orf3 7 2 0.001 12
KIAA0226 7 2 0.001 12
MCM10 7 2 0.001 12
OPLAH 7 2 0.001 12
FCGR3A 6 1 0.0011 20
FLRT3 6 1 0.0011 20
PCDHGB3 7 3 0.0027 7.9
OR6F1 9 6 0.0029 5.2
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CHST1
OXCT1
SLC17A3
SLC3A1
TTLL5
BCL11B
CNTN1
OR4A15
SEMA3A
SYT10
CNTN5
muc2z
ABCA13
SRGAP1
UGT2B11
FAT3
Cé6orf222
DARC
KIAA2018
NTNGZ2
PTPRK
SMYD1
AMPH
PCDHB6
TLR4
DSG3
GRM6
OR2L13
SCN1A
CDH23
RYR1
DBC1
KRTAP4-11
MGAT5B
CNGB3
DACHZ2
HFM1
AGMO
AGBL1
Ccux1
DNAJC10
FLRT2
HS3ST4
IRX2
KIAA1009
MMP2
OR11L1
OR2G3
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ASPM
CCDC108
CREBBP
ATR
CFHR5
DNAJC6
FHL5
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PRSS55
REG3G
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PTPRT
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