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ABSTRACT

Full Name : Hasan Shuja

Thesis Title . Integrative Omics Analysis for the Identification of Key Genomic
Biomarkers Driving Tumoregensis in Lung Adenocarcinoma patients

Major Field . Life Sciences

Date of Degree : May 2025

Lung adenocarcinoma (LUAD), the most common subtype of non-small cell lung cancer,
is driven by a complex alteration both at genomic as well as transcriptomic level that vary
across disease stages. Despite advances in targeted therapies, the molecular transitions
leading to LUAD progression remain incompletely understood. This study employed an
integrative multi-omics approach, combining whole exome sequencing (WES) and RNA
sequencing (RNA-seq) datasets from The Cancer Genome Atlas (TCGA), to systematically
investigate stage-specific molecular changes.

Patients were stratified into early-stage and late-stage cohorts based on clinical TNM
annotations. Mutation hotspot analysis using OncodriveCLUSTL identified both canonical
drivers, such as KRAS and EGFR, and emerging candidates like OBSCN and MUC16,
particularly enriched in late-stage disease. Differential gene expression analysis revealed
minimal transcriptional differences in early stages but a substantial dysregulation of
approximately 9.2% of genes in late-stage tumors, with a predominance of downregulation.
Gene Set Enrichment Analysis (GSEA) highlighted critical oncogenic pathways—
including E2F Targets, G2M Checkpoint, and Glycolysis—as significantly upregulated in
late-stage tumors, while adipogenesis and inflammatory response pathways were notably

suppressed.
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By integrating mutational and transcriptomic data, 80 dual-affected genes were identified,
subsequently filtered based on predicted functional impact and transcription factor binding
affinity shifts. A final shortlist of four biomarker candidates—LCP1, COL5A2, KALRN,
and LRRC15—was established, each implicated in hallmark cancer processes such as
KRAS signaling, epithelial-mesenchymal transition, and angiogenesis.

These findings underscore the dynamic molecular evolution of LUAD and illustrate the
power of integrative omics strategies in biomarker discovery. The study provides a
foundation for future research aimed at experimental validation and therapeutic translation

of the identified candidates to improve LUAD diagnosis and treatment.
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CHAPTER 1

INTRODUCTION

Lung cancer remains the most fatal cancer worldwide, with non-small cell lung cancer
(NSCLC) comprising the majority of cases over 85%. Among its subtypes, the most
common one to be diagnosed is the lung adenocarcinoma (LUAD), representing about half
of the NSCLCs. LUAD tends to arise from the distal airways with glandular histology and
unique expression of markers TTF1 and KRT7 [1]. It essentially derives from progenitor
clones of cells that incur early genomic mutations, which are responsible for the initiation
of tumour formation. Subclonal populations arise from these clones with the passage of
time, becoming adapted to microenvironment conditions and leading to changes in cell

identity and regulation of lineage [2].

1.1 Classification and Staging of Lung Adenocarcinoma

According to the tumor-node-metastasis (TNM) classification system, lung
adenocarcinoma (LUAD) is categorized into four stages: I, II, Ill, and IV [3]. Stage |
represents the initial phase of the disease, with no metastasis. Stages Il and Ill are
intermediate stages that involve regional lymph node metastasis, and stage Il exhibits a
greater extent of lymphatic spread than stage Il. Stage IV is the advanced phase of the

disease, that typically includes distant metastasis



LUAD is characterized by a diverse range of genomic alterations at molecular level, that
drive tumor development and progression. The occurrence of LUAD has been rising
annually at a global level, involving a shift toward younger patients, a faster disease
progression, absence of early symptoms, and is associated with high mortality and an
unfavorable prognosis [4]. The main reasons include increased industrialization and
tobacco consumption, especially in developing nations. The continuous exposure of lungs
to pollutants and other environmental factors significantly influences LUAD development

through the activation of progenitor cells, genetic alterations, and tumorigenesis [4]

1.2 Key Genomic Alterations in LUAD

Key mutations and rearrangements occur in genes such as EGFR, ALK, ROS1, KRAS,
BRAF, MET, RET, and HER2, many of which serve as actionable targets for precision
therapies [5]. For instance, EGFR mutations—especially exon 19 deletions and the L858R
point mutation—are common in non-smokers and Asian populations and are effectively
treated with tyrosine kinase inhibitors (TKIs). Similarly, rearrangements in ALK and ROS1
are mutually exclusive with EGFR mutations and have led to the development of specific
targeted agents. Other alterations, including KRAS mutations (notably G12C), BRAF
V600E mutations, MET exon 14 skipping, and HERZ2 insertions, contribute to the molecular

heterogeneity of LUAD and are increasingly being explored for therapeutic intervention

[5].
1.3 Targeted Therapies in LUAD
Lung cancer, and particularly non-small cell lung cancer (NSCLC), often shows promising

responses to targeted treatments like EGFR and ALK inhibitors in the early phases.
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However, one of the key obstacles in long-term management is the development of drug
resistance [6]. Numerous processes, such as additional mutations (EGFR T790M or
C797S), activation of different signaling pathways like MET or HER2, enhance cellular
flexibility, or immunological escape by modifying the tumor microenvironment. Disease
relapse and reduced therapeutic efficacy are caused by these factors. As a result, current
research is concentrated on multi-target drug combinations, customized treatment plans
based on molecular profiling, and advanced therapies that simultaneously address both
initial and resistance-inducing alterations. Furthermore, new approaches are being
developed, including improving immunotherapy, focusing on epigenetic changes, utilizing
synthetic lethality, and employing innovative drug delivery systems. These approaches are

aimed to achieve more effective and long-lasting control over lung cancer progression [7].

1.4 Advancements in Omics Technologies

Large-scale, accurate molecular profiling of LUAD is now possible owing to the
development of high-throughput omics technologies [8]. This has helped make feasible to
analyze omics datasets pertinent to the disease and conduct thorough research into the
intricate molecular mechanisms underlying LUAD [9]. Numerous biomarkers associated
with diagnosis and prognosis have been discovered as a result of these investigations,
providing opportunities for targeted treatments. However, most of the omics-driven cancer
research mainly depends on survival-based expression profiling, differential gene
expression analyses, or mutation significance tests. They frequently generate a large
number of candidate genes or proteins, many of which need additional testing to ensure

their clinical applicability [10].



1.5Research Gaps

Critical gaps remain in the interpretation of genomic alterations and their functional
implications, despite tremendous advancements in our understanding of the molecular
biology of LUAD. The majority of recent research tends to look at transcriptomic
alterations and genomic mutations independently, which limits our understanding of how
somatic mutations directly affect gene expression and subsequent biological pathways.
Furthermore, despite the identification of many oncogenic mutations, There is
limited knowledge about the actual mechanism by which these mutations drive

transcriptional changes leading to advancement of disease [11].

The need for integrative multi-omics techniques that integrate whole exome sequencing
(WES) and RNA sequencing (RNA-seq) to determine the mechanistic association between
mutation hotspots and changes in gene expression and pathway dysregulation across
disease stages is needed in order to overcome these gaps [12]. Particularly there is a lack
of studies that investigate how driver mutations evolve from early to late-stage LUAD, and

how these mutations contribute to hallmark cancer pathways by disrupting gene expression

1.6 Our Study

In this study, a comprehensive multi-omics approach was employed to investigate
molecular alterations in lung adenocarcinoma (LUAD) using data retrieved from The
Cancer Genome Atlas (TCGA). RNA-Seq and Whole Exome Sequencing (WES) datasets
were downloaded and prepared for LUAD patients. Clinical stage annotations were used
to stratify patients into early-stage and late-stage cohorts. To identify driver mutations with

4



positional clustering, OncodriveCLUSTL was applied separately to each cohort, resulting
in a list of genes exhibiting significant mutation hotspots. Parallel to this, differential
expression analysis was performed using RNA-Seq data, applying statistical tests to
identify differentially expressed genes (DEGSs) between tumor and normal samples within
each group. While no significant DEGs were observed in the early-stage group, nearly
4,000 DEGs were identified in the late-stage cohort, with several genes significantly

enriched in hallmark cancer pathways.

To investigate pathway-level alterations, Gene Set Enrichment Analysis (GSEA) was
performed on the late-stage DEGs, revealing twelve hallmark pathways that were
significantly dysregulated. The study then focused on identifying genes that overlapped
between those carrying clustered mutations (from OncodriveCLUSTL) and those that were
differentially expressed. These intersecting genes were further analyzed to assess the
functional impact of their mutations. Variant effect annotations were obtained using the
Ensembl Variant Effect Predictor (VEP), while changes in transcription factor binding
affinity were evaluated using the TSAR (Transcription factor affinity changes) tool.
Finally, pathways that included these dual-affected genes as core enriched members were
filtered and prioritized, offering novel insights into the mechanistic links between somatic

mutations, gene dysregulation, and cancer progression in LUAD.



CHAPTER 2

LITERATURE REVIEW

Lung adenocarcinoma is the most prevalent form of lung cancer and a significant subtype
of non-small cell lung cancer (NSCLC) [13]. It is characterized by its origin in the glandular
cells lining the lungs, specifically in the distal airways, and accounts for about 40% of all
cases of lung cancer worldwide. This form of cancer is characterized by a high level of
intra- and inter-tumor heterogeneity, which makes treatment more difficult and results in
worse prognoses [14]. Histological patterns of LUAD include lepidic, acinar, papillary,
micropapillary, and solid [15]. These patterns are categorized according to their growth
characteristics and have the potential to impact clinical outcomes. Lepidic-predominant
adenocarcinomas, for example, have higher survival rates than solid-predominant types,

which typically have worse results [16].

Genetic mutations play a major role in the development of LUAD. EGFR gene mutations
and other chromosomal abnormalities are frequent that can cause carcinogenesis [17].

Developing targeted therapies requires an understanding of these genetic factors.

2.1 Epidemiology

LUAD is a significant subtype of lung cancer that has seen increasing incidence rates
globally. Here are the key epidemiological characteristics and trends associated with

LUAD:



2.1.1 Global Incidence and Mortality

Globally, lung cancer—including LUAD—is the primary cause of cancer-related
mortality. Lung cancer accounted for 18.4% of all cancer deaths and 11.6% of all cancer

incidences in 2018, with an estimated 2.09 million new cases [18].

LUAD represents about 38.5% of all lung cancers, with its incidence rising particularly

among non-smokers and women in many regions [19].

2.1.2 Demographic Factors

Age: The average age of diagnosis for lung cancer is around 70 years. A significant
proportion of cases occur in individuals aged 55 to 74 years, with the highest incidence

rates observed in older age groups [20].

Sex: Historically, lung cancer incidence has been higher in men due to smoking patterns.
However, recent studies indicate a convergence in incidence rates between sexes, with
some populations reporting higher rates among young women compared to men. In
Taiwan, for instance, women exhibited higher age- and tumor stage-specific incidence rates

than men [21].

2.1.3 Risk Factors

Smoking: Tobacco smoking remains the primary risk factor for lung adenocarcinoma,
accounting for up to 90% of cases globally. However, the proportion of LUAD cases

among non-smokers is increasing, particularly in certain demographics [22].



Environmental Factors: Exposure to air pollution, occupational hazards (like asbestos),
and second-hand smoke significantly contribute to the risk of developing LUAD [23].

Additionally, living in severely polluted cities has been linked to higher incidence rates

2.1.4 Regional Variations

In regions like North China (Hebei Province), LUAD has become the most common
histological type of lung cancer, with a notable rise among non-smokers. The incidence
rates vary significantly by geography; for instance, African American men in the U.S. have

the highest incidence rates compared to other racial groups [24].

2.2 Key Genetic Aberrations in Lung Adenocarcinoma

2.2.1 EGFR Mutations

The EGFR gene is among the top mutated genes in LUAD patients, especially among
never-smokers and of Asian ethnicity [25]. Their mutation often lead to the activation of
downstream signaling pathways that promotes tumor growth and survival, providing a

target for specific inhibitors.

2.2.2 KRAS Mutations

KRAS mutations are also common in LUAD, almost exclusively among smokers. The
common gain-of-function mutations occur at codons 12, 13, and 61 of KRAS gene and

leads to activation of pathways that drive oncogenic processes [26].



2.2.3 TP53 Mutations

Among the most important tumor suppressors, TP53 is mutated in almost 70% of LUAD
cases, which generally cause loss of function, enabling uninhibited cell division and tumor

progression [17].

2.2.4 ALK Fusions

ALK rearrangements have equal importance in LUAD. The result of these fusions is the
expression of an active tyrosine kinase fusion protein, driving the growth of cancer cells
through continuous activity. Targeted treatments against ALK fusions have resulted in

promising results [27].

Additional genetic alterations include mutations in BRAF, HER2, MET, and fusions
involving RET and ROS1. The skipping of exon 14 of the MET gene has also been
identified as a relevant alteration that can occur independently of other driver mutations

[28].

2.2.5 Tumor Suppressor Genes

Besides TP53, other tumor suppressor genes like STK11 and CDKN2A are frequently
altered in LUAD, contributing to tumorigenesis through loss of regulatory control over cell

growth and division [29].



2.3 Key Mechanisms of Resistance in LUAD

LUAD is characterized by significant genetic and immune resistance mechanisms that
complicate treatment. Understanding these mechanisms is crucial for developing effective

therapies.

2.3.1 Immune Evasion

LUAD cells can evade the immune system through various strategies:

Altered Antigen Presentation: Tumor cells may downregulate major histocompatibility

complex (MHC) molecules, reducing their visibility to T cells [30].

Immunosuppressive Microenvironment: The tumor microenvironment (TME) is often
enriched with immunosuppressive cells, such as tumor-associated macrophages (TAMS)
and myeloid-derived suppressor cells (MDSCs). These cells secrete factors that inhibit T

cell activation and promote tumor growth [31].

Cytokine Secretion: Cytokines secreted by the LUAD cells may also attract some
immunosuppressive cells and promote a type of TME that inhibits effective anti-tumor
responses. They could upregulate the interleukins such as IL-6 and 1L-10, along with tumor

necrosis factor, TNF, contributing to immune suppression [32].

2.3.2 Tumor Heterogeneity

LUAD is highly genetically heterogeneous; it contains many different mutations within a
single tumor. This kind of diversity makes treatment difficult because various

subpopulations of malignant cells may respond differently to therapies. For example:
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Mutational Landscape: Most of the mutations commonly involve genes such as EGFR,
KRAS, and TP53, each of which may present different resistance profiles, especially

concerning targeted therapies [33].

Intratumoral Variability: Even in patients with identical driver mutations, the genetic

landscape of the tumors may be quite different [33].

2.3.3 Chronic Inflammation

Moreover, tobacco smoke, among other environmental factors, influences the development
of chronic inflammation, which plays a significant role in the development and resistance

of LUAD:

Inflammatory Signaling: This can be mediated by the inflammatory response brought
about by tobacco smoke, which might facilitate tumorigenesis. Such an environment may

enhance genomic instability and support cancer cell survival [34].

Immune Modulation: Inflammation can alter the behavior of the immune cells, polarizing
them towards a more suppressive phenotype that favors tumor growth rather than

destruction

2.4 Resistance to Targeted Therapies

Although targeted therapies have shown promise in treating LUAD, resistance remains a

significant challenge:

11



Primary and Secondary Resistance:

Majority of patients eventually develop resistance through specific therapies directed
against mutations, such as inhibitors of EGFR, due to secondary mutations or activation of
other pathways. KRAS indeed carries a particularly bad reputation in the light of its
resistance mechanisms. Patients with KRAS mutations generally have few effective

targeted treatment options and, as a result, have very poor outcomes [35].

Table 1. Showing Key mechanisms of resistance

Mechanism | Population Causes Key Changes References

of Resistance

Intrinsic 4-10% Existence of | EGFR-T790M, [36]

Resistance patients activating et o
MET amplification

non-sensitizing
and BCL2L11

driver mutations

Secondary or | 50% of | Secondary EGFR-T790M [37]
acquired patients with | somatic
ALK-L1196M
resistance reported mutations of the
and ALK-G1269A
resistance target gene )
mutations

which hinder the
binding of the

drug
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Adoptive ~20% Activating PISK/AKT or | [37]

Resistance bypass signaling | RAF/MEK/ERK
pathways pathways MAPK
activation
Phenotypic ~ 5-14% of | Tumor Loss of EGFR | [38]
Resistance resistant transforms from | expression, RB1 and
cases NSCLC to | TP53 inactivation,

SCLC to escape

targeted therapy

2.50mics Data availability and its usage

While high-throughput technologies and data integration methods continue to advance,
access to omics data has grown exponentially-from genomics and transcriptomics to
proteomics and metabolomics. Such wealth has consequently facilitated in-depth analysis
of biological systems and disease mechanisms by researchers, particularly in cancer
research [39]. The integration of various omics data can allow the researcher to explore the
complex biological relationships and identify new biomarkers important for early
detection, diagnosis, and treatment stratification in cancer patients. So far, machine
learning techniques are increasingly being used to analyze multi-omics data to improve
their capability in predicting disease outcomes and tailoring personalized treatments. This
integrative approach is promoting further insights into tumor biology and, at the same time,

enables precision medicine strategies that will finally benefit oncology patient care [40].
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CHAPTER 3

METHODOLOGY

3.1 Data Collection and Patient Stratification

In this study, transcriptomic and genomic data were obtained for lung adenocarcinoma
(LUAD) patients from The Cancer Genome Atlas (TCGA) database. Specifically, RNA
sequencing (RNA-seq) data and whole exome sequencing (WES) data were collected for
a total of 235 LUAD patients. Clinical metadata associated with each patient, including
tumor staging information based on the TNM classification system [41]. was used to
stratify the cohort into two groups: early-stage patients (stage IA to 11B; n = 176) and late-
stage patients (stage I11A to 1V; n = 59). Prior to analysis, both RNA-seq and WES datasets
were subjected to quality control and preprocessing steps. These included the removal of
low-quality reads, normalization of expression values (e.g., TPM or FPKM for RNA-seq),
and alignment to the human reference genome. Duplicate entries and samples lacking
complete clinical annotations were excluded to ensure dataset consistency and reliability

for downstream analyses.

3.2 Differential Gene Expression Analysis

Differential expression analysis was conducted using the RNA-Seq data obtained from
TCGA to compare tumor and normal samples in LUAD patients. The dataset, expressed in

Transcripts Per Million (TPM), was first normalized using a log transformation.
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log,(TPM + 1)

which reduces expression variance and mitigates skewness, ensuring all values remain
positive. Patients were previously categorized into early-stage (IA-1IB) and late-stage
(IIA-1V) cohorts. For each gene, an independent two-sample t-test was applied to assess
statistical differences in mean expression between tumor and normal tissues [42]. The t-
test computes a t-statistic considering group variances and sizes, followed by the
calculation of a p-value, which indicates the probability that observed differences occurred
by chance. To address the issue of multiple hypothesis testing across thousands of genes,
Benjamini-Hochberg correction was used to control the false discovery rate (FDR).
Genes with an adjusted p-value < 0.05 and absolute log: fold change (Log:FC) > 1 were
considered significantly differentially expressed. The fold change was computed using the

formula:

mean(TPM_tumor) >

F =
log,FC = log, (mean(TpM_normal)

3.3Gene Set Enrichment Analysis (GSEA)

Following differential gene expression analysis, Gene Set Enrichment Analysis (GSEA)
was performed to identify biologically significant pathways associated with late-stage
LUAD. A ranked gene list was constructed based on the log. fold change values obtained
from the RNA-Seq data analysis, with genes ordered from highest to lowest expression
change between tumor and normal samples. The GSEA desktop application (Broad
Institute) was used with the Hallmark gene sets from the Molecular Signatures
Database (MSigDB v7.5.1) as the reference pathway collection [43]. Enrichment scores

(ES) were calculated using a Kolmogorov—Smirnov-like statistic that evaluates whether
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genes from each set are overrepresented at the extremes (top or bottom) of the ranked list.
Significance was assessed through permutation testing (1,000 permutations), and results
were corrected for multiple hypothesis testing using the False Discovery Rate (FDR).
Pathways with FDR g-values < 0.25 and nominal p-values < 0.05 were considered
significantly enriched. This analysis allowed us to identify key cancer-related pathways
dysregulated in late-stage LUAD, guiding downstream mutation impact and pathway

prioritization.

3.4 Identification of Mutation Hotspots and Driver Genes

To uncover key driver mutations and mutation hotspots in LUAD, we utilized whole exome
sequencing (WES) data from TCGA, previously stratified into early-stage (IA-1IB) and
late-stage (I11A—-1V) cohorts. The detection of mutation hotspots was based on the principle
that a high concentration of somatic mutations within specific regions of a gene suggests
potential disruption of functionally critical domains, offering a selective growth advantage
to cancer cells and increasing the likelihood of oncogenic relevance [44]. For this purpose,
we employed OncodriveCLUSTL , a position-based clustering tool that identifies genes

harboring non-random aggregations of mutations.

For each gene, OncodriveCLUSTL computes a clustering score (S<sub>g</sub>) using

the following formula:

5= Y1)

7 _t
i=1

Where:

e ncis the number of clusters in gene ggg
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mi is the number of mutations in cluster iii

Mg is the total number of mutations in gene ggg

li is the length of cluster iii

Lg is the total coding length of gene ggg

This score captures both the density and compactness of mutation clusters, emphasizing

tightly packed mutational regions

The tool was applied independently to both early and late-stage cohorts to identify potential
stage-specific drivers. For each gene, we computed the number of significant mutation
clusters, the total number of mutations falling within these clusters, and the proportion of
clustered mutations relative to the total mutation count in that gene. Furthermore, p-values
and false discovery rate (FDR) corrections were calculated to assess the statistical
significance of the clustering. This approach allowed us to highlight genes with strong
positional bias in mutational patterns, which are likely to play a role in LUAD development

and progression

3.5Data Integration of Mutation and Expression

We identified genes that carried clustered mutations and were significantly differentially
expressed by performing an intersection after differential expression and mutation hotspot
analysis. Following this filtering step, 80 genes that were shared by both datasets were
identified as potential candidates for additional functional impact evaluation and pathway-

level analysis.
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3.6 Variant Effect Predictor

We employed Ensembl's Variant Effect Predictor (VEP) tool to assess whether the
discovered mutations might affect gene expression [45]. This tool was used to annotate
the genomic location and functional impact of mutations in the 80 candidate genes,
including whether they were found in untranslated regions (UTRs), coding regions, splice
sites, or regulatory elements. The possible structural or regulatory effects of the observed

variations were identified with the aid of this analysis.

3.7 Transcription Factor Binding Affinity Analysis

For every mutation in the 80 dual-affected genes, TRAP was used to calculate the change
in transcription factor binding scores between the reference and mutated sequences, so
assessing the regulatory impact of the identified mutations [46]. TRAP was used to
compute the change in transcription factor binding scores between the reference and
mutated sequences. Variants showing substantial shifts in affinity were considered to have
a potential role in modulating gene expression, thereby contributing to transcriptional

dysregulation in LUAD.

3.8Final Filtering and Biomarker Identification

As a final step, we applied a multi-criteria filtering strategy to prioritize potential
biomarkers. From the pool of 80 candidate genes, we retained only those that met all of the
following criteria: (1) presence within the core enrichment region of significantly
dysregulated cancer-related pathways identified via GSEA; (2) evidence of mutation
clustering based on OncodriveCLUSTL results; (3) functionally significant variants
located in critical genomic regions (e.g., coding domains, regulatory elements, splice

sites) as determined by Ensembl VEP; and (4) substantial changes in transcription factor
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binding affinity, as quantified by TRAP scores. Genes satisfying all these conditions were
designated as high-confidence biomarker candidates, given their combined
transcriptional dysregulation, mutational impact, and potential regulatory influence in

LUAD progression.
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CHAPTER 4

RESULTS

4.1 Patient Cohort Overview

A total of 235 lung adenocarcinoma (LUAD) patients were included in this study, with
clinical staging information derived from the TNM classification system. This system
stratifies patients based on tumour size (T), lymph node involvement (N), and the presence
of metastasis (M), offering a standardized framework to assess cancer progression. Based
on this classification, patients were divided into two major cohorts: an early-stage group
(Stage IA-11B) consisting of 176 individuals (74.9%) and a late-stage group (Stage 111A—
1) comprising 59 individuals (25.1%) (Figure 1).

LUAD Patient Distribution by Stage (Extracted from TCGA)

Late Stage (A - 1V)

[ Early Stage (IA-lIB
[ Late Stage (lIIA-IV

Early Stage (IA - [IB)

Figure 1. Distribution of LUAD patients based on TNM staging
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Further demographic breakdowns revealed stage-specific patterns (Figure 2). Age
distribution showed that the majority of early-stage diagnoses occurred in the 60-70 age
group, whereas late-stage cases were more evenly distributed across age brackets, albeit
still peaking within the 50-70 range. Gender analysis indicated a male predominance
across both cohorts, with 111 males and 65 females in the early-stage group and 39 males
and 20 females in the late-stage group. Race distribution analysis showed that most patients
identified as Asian or White, with a notably higher representation of these groups in the
early-stage cohort. These demographic patterns provide important context for interpreting

downstream molecular analyses.
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Figure 2. Demographic breakdown of LUAD patients by stage
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4.2 Differential Gene Expression Analysis

Differential expression analysis was performed to investigate transcriptional changes in
LUAD across different stages. For early-stage patients (IA—I1B), no genes were found to
be significantly differentially expressed. A heatmap illustrating the expression profiles of
the top 30 genes (by variance) across 40 tumour and 40 normal samples confirmed a lack
of distinct expression patterns between conditions (Figure 3), supporting the absence of

statistically significant differences.
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Figure 3. Heatmap showing expression patterns of the top 30 genes (by variance) in early-stage LUAD across 40
tumour and 40 normal samples. No clear differential expression patterns were observed

In contrast, analysis of the late-stage cohort (Stage I1IA-1V) revealed a marked shift in
gene expression. Out of approximately 60,000 genes analysed, about 9.2% were found to
be significantly differentially expressed, as visualized in the pie chart (Figure 4a). These

genes were further analysed to uncover expression trends. The majority were found to be
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downregulated (80.5%), while a smaller fraction was upregulated (19.5%) in tumour

samples (Figure 4b).

Proportion of Significant vs Non-Significant Genes

Proportion of Upregulated vs Downregulated DEGs

Regulation

Upregulated - Downregulated
. Upregulated

Non-Significant

Significant

Downregulated

Figure 4. Proportion of significantly differentially expressed genes in late-stage LUAD patients. (A)
Approximately 9% of genes showed statistically significant expression changes. (B) Proportion of significantly
upregulated (19.5%0) versus downregulated (80.5%6) genes among all significant DEGs identified in late-stage
LUAD

Additional visualizations provided deeper insights into the expression dynamics. A
heatmap of the top 50 differentially expressed genes (DEGs) based on log: fold change
clearly showed separation between tumour and normal profiles (Figure 5). The MA plot
(Figure 6) and volcano plot (Figure 7) further highlighted the magnitude and statistical
significance of these changes, with several genes such as SPP1, COL11A1l, and SLC6A4
standing out due to their strong differential expression. The top 20 upregulated and
downregulated genes emphasized the sharp contrast in expression (Figure 8), particularly

for genes like SFTPC and SPP1, which displayed extreme logFC values.

24



Heatmap of Top 50 Differentially Expressed Genes

log2FC
log2FC

| |
[¥] =
log2 Fold Change (Upregulated = Red, Downregulated = Blue)

|
w

|
=~

! '
S R A PR R R R R S e R R R S R
BEEnEUEEIGEEF R E Ay E sy b aoPB T ussEE 3905288

£ " @ 44§ SkBzg

Egazs F CTEa Bg#g 8 o5z 8 §d g
QZD§N z m - o 3} =
49853 34 2§ F

Gene Name

Figure 5. Heatmap of the top 50 differentially expressed genes in late-stage LUAD. The expression profiles
distinguish tumor from normal samples based on log: fold change values

Together, these findings suggest a pronounced reprogramming of gene expression in late-
stage LUAD, implicating many genes in processes potentially related to tumor progression

and metastasis.
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MA Plot of DEGs
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Figure 6. MA plot showing the distribution of log: fold changes relative to average expression levels.
Upregulated and downregulated genes are highlighted in red and blue, respectively
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Figure 7. Volcano plot showing the distribution of log: fold changes relative to average expression levels.
Upregulated and downregulated genes are highlighted in red and blue, respectively
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Top 20 Upregulated and Downregulated Genes
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Figure 8. Bar graph of top 20 Upregulated and Downregulated genes

4.3 Enriched Pathways via Gene Set Enrichment Analysis (GSEA)

To gain biological insights into the transcriptional alterations in late-stage LUAD, Gene
Set Enrichment Analysis (GSEA) was performed using the ranked gene list from
differential expression results. The analysis focused on Hallmark gene sets from the
MSigDB collection, providing a curated view of canonical biological processes and

signaling pathways.

Out of the evaluated pathways, several were found to be significantly enriched (FDR g-
value < 0.05), with distinct patterns of upregulation and downregulation. Among the
most strongly upregulated pathways were E2F Targets, G2M Checkpoint, Glycolysis,
and mTORCL1 Signalling. These pathways are commonly associated with cell cycle

progression, metabolic reprogramming, and proliferation, suggesting a highly active
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oncogenic environment in late-stage tumours. The pathway E2F Targets, for instance,
showed the highest normalized enrichment score (NES = 7.08) and is visualized in the
enrichment plot (Figure 9), indicating widespread upregulation of genes associated with

DNA synthesis and cell cycle regulation.

Enrichment plot: HALLMARK_E2F_TARGETS
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Figure 9. GSEA enrichment plot for the E2F Targets pathway, showing strong positive enrichment in tumor
samples. This pathway is associated with cell cycle progression and is linked to therapeutic

Conversely, several pathways were significantly downregulated in tumor tissues. Notable examples include
Adipogenesis, Fatty Acid Metabolism, Inflammatory Response, and UV Response Up. These negative
enrichments suggest a loss of differentiation, immune suppression, and diminished tissue repair or stress
responses in advanced LUAD. An example is the Adipogenesis pathway (Figure 10), which demonstrated
significant negative enrichment (NES = -2.47), highlighting reduced expression of genes related to lipid
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metabolism and cellular differentiation.

Enrichment plot: HALLMARK_ADIPOGENESIS
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Figure 10. GSEA enrichment plot for the E2F Targets pathway, showing strong positive enrichment in tumor
samples.

In total, 23 pathways were negatively enriched, and 11 were positively enriched, with
statistical significance supported by both normalized enrichment scores and false
discovery rate (FDR) corrections (FDR q < 0.05 for top pathways). These enriched gene
sets provide functional context to the differential gene expression patterns observed and

offer potential targets for further validation and therapeutic exploration.
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Table 2. Showing mechanisms and pathways leading to resistance against Therapy

Pathway
Name

E2F Targets

G2M

Checkpoint

Glycolysis

MTORC1

Signaling

Adipogenesis

NES Regulation

7.08

6.71

4.87

412

2.47

Upregulated

Upregulated

Upregulated

Upregulated

Downregulated

Associated
Function
Cell cycle
progression,
DNA

replication

Controls
mitosis entry,
DNA damage
checkpoint
Energy
production,
Warburg
effect

Cell growth,
nutrient

sensing

Lipid storage,
metabolic

differentiation

30

Relevance to
Resistance
Enhances DNA
repair and
survival,
promoting
resistance
Allows division

of damaged cells

Supports tumor
growth,
undermines drug
efficacy
Promotes
survival and
therapy
resistance

Loss linked to

dedifferentiation

Reference

[47]

[48]

[49]

[50]

[51]



and therapy

resistance
Inflammatory - Downregulated Immune Reduced [52]
Response 1.87 signaling, inflammation
cytokine impairs immune
response response

4.4 Mutation Hotspot and Driver Gene Detection

To identify potential driver genes harboring non-random mutational clustering,
OncodriveCLUSTL was applied separately to early-stage and late-stage LUAD patient
cohorts using whole exome sequencing data. The analysis leverages the statistical
enrichment of somatic mutations within specific regions of genes, suggesting functional

disruption and selective advantage during tumor evolution.
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Figure 11. Detection of driver genes with mutation clustering in LUAD using OncodriveCLUSTL.

The upper panels show quantile-quantile (Q—Q) plots comparing observed versus expected -
log:o p-values for mutation clustering in early-stage (left) and late-stage (right) cohorts. Genes located
above the red dotted line represent statistically significant clustering, suggesting potential oncogenic
drivers. Highlighted genes such as KRAS and EGFR exhibit strong clustering in both stages.The lower
panels display mutation distribution plots for selected genes. These plots show the spatial distribution
of mutations along the protein sequence, with mutation counting on the y-axis and amino acid positions
on the x-axis. Peaks represent clusters of mutations likely under positive selection. The clustering score
is derived from both mutation density and compactness, capturing the tendency of driver mutations to

occur within functional domain
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In the early-stage group, several genes were identified with significant clustering patterns,
most notably KRAS, EGFR, C1orfl106, and PCYTL1A, as shown in the quantile-quantile
(Q—Q) plot (Figure 11, left). Both KRAS and EGFR, well-established oncogenes in
LUAD, exhibited pronounced mutation aggregation. The mutation distribution plots
confirm these clusters, with KRAS showing dense hotspot regions typically associated
with G12 and G13 codons, and EGFR displaying multiple concentrated mutation peaks

along its coding sequence.

In the late-stage cohort, KRAS and EGFR remained prominent but were accompanied by
additional candidates, including ATXN7L2, OBSCN, SETBP1, and MUC16, several of
which have emerging associations with cancer progression or therapeutic resistance. The
corresponding Q-Q plot (Figure 12, right) illustrates stronger deviation from the null
distribution, indicating a higher density of clustering in late-stage mutations. Visual
inspection of gene-specific plots for ATXN7L2 and OBSCN also revealed narrowly

focused mutation sites, suggesting potential late-stage—specific oncogenic relevance.

Collectively, these findings reinforce the canonical driver status of KRAS and EGFR
across disease stages, while highlighting novel or stage-specific candidate genes that may

play a role in LUAD progression and warrant further functional validation

4.5 Integration of DEGs and Mutation Hotspots Data

To identify genes with both transcriptional dysregulation and mutational significance, an
intersection analysis was performed between the differentially expressed genes (DEGS)
and those carrying mutation hotspots detected by OncodriveCLUSTL. This resulted in a

subset of 80 genes shared between both datasets. To further assess the potential regulatory
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impact of these mutations, we utilized the Variant Effect Predictor (VEP) by Ensembl.
TRAP annotated mutations depending on their genomic location and expected functional
consequences under categories including missense, splice region, start/stop codon

modification, and 5'/3' UTR variants.

Distribution of Mutation Types Among Genes (VEP_RESULTS)
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Figure 12. Distribution of mutation types among the selected genes based on Variant Effect Predictor (VEP)
analysis.

The bar graph shows the frequency of different mutation categories, including upstream gene variants,
regulatory region variants, UTR variants, and others, reflecting the diversity of genomic alterations potentially
impacting gene regulation

Further study excluded genes including types of mutations less likely to influence gene
expression—such as intronic variants or synonymous mutations. Following filtering, a
refined list of 61 genes remained, each bearing mutations expected to affect expression
either by regulatory disruption or protein-coding impact. Transcriptional control analysis
and downstream integration with pathway-level data ranked these genes in order of their

significance.

34



4.6 Transcription Factor Binding Affinity Prediction (TRAP)

Using the TRAP (Transcription Factor Affinity Prediction) tool, we assessed the possible
regulatory consequences of mutations on transcription factor (TF) binding. Using a
biophysical model of TF-DNA interaction, TRAP computes binding scores that then
predict how point mutations change the binding affinity of transcription factors to DNA.
TRAP was applied to generate a reference for every mutation site found in the 61
shortlisted genes. affinity, mutated affinity, and the resulting change (AAffinity). These
scores reflect how strongly a transcription factor is predicted to bind to the wild-type versus

mutated sequence.
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Figure 13. Heatmap displaying transcription factor binding affinity changes computed for selected genes.

Columns represent reference affinity (Ref_Affinity), mutated sequence affinity (Mut_Affinity), and the resulting
change in binding potential (Affinity_Change). Color gradients indicate the strength and direction of affinity
shifts, with red denoting increased and blue indicating decreased binding in the mutated sequence. These
changes suggest potential regulatory impacts of mutations on gene expression
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The results, visualized in Figure 14, show a range of binding affinity changes, with several
genes exhibiting substantial shifts. Genes such as PCDH15, SEC14L3, ROBO4, and
SPATA18 displayed either increased or decreased TF binding scores, suggesting that
mutations in these regions could significantly affect gene regulation. Notably, some
mutations led to a gain in TF affinity (e.g., PCDH15, SPATA18), while others caused a
reduction in affinity (e.g., KANK4, KLHDC1), which may contribute to altered gene

expression in LUAD.

By identifying mutations that likely disrupt or enhance TF-DNA binding, TRAP analysis
added further evidence of the regulatory potential of these variants, reinforcing the

candidacy of these genes in LUAD pathogenesis and their possible utility as biomarkers.

4.7 Final Biomarker Shortlisting

To identify high-confidence LUAD biomarkers, we applied a multi-layered filtering
strategy combining transcriptomic, genomic, regulatory, and pathway-level evidence.
Genes were shortlisted only if they met all of the following criteria: (1) significantly
differentially expressed, (2) harbored mutation hotspots identified by
OncodriveCLUSTL, (3) possessed mutations with predicted functional consequences
according to VEP (e.g., missense, splice region, regulatory variants), (4) showed
substantial transcription factor binding affinity changes as predicted by TRAP, and (5)
were present within the core enrichment region of significantly altered cancer-related
pathways based on GSEA analysis. Through this integrative pipeline, a refined list of four

genes emerged as high-confidence biomarker candidates:

e LCP1, enriched in the KRAS_SIGNALING_UP pathway,
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e COLB5AZ2, associated with ANGIOGENESIS,
e« KALRN, implicated in UV_RESPONSE_DN, and

e LRRC15, involved in EPITHELIAL_MESENCHYMAL_TRANSITION.

These genes demonstrated consistent evidence of functional impact across all analytical
layers and are biologically linked to core cancer hallmarks, reinforcing their potential role

in LUAD progression and their value as putative therapeutic targets or diagnostic markers.

EEEVA

snRNAs, snoRNAs etc

Common Genes both DE as well as bearing

INTEGRATION V 80 mutation hotspots

V 28 Genes with mutations having potential to
VEP ENSEMBL disrupt Gene Expression
TRAP V 32 ; Genes with mutations causing significant
change in transcription binding affinity
GSEA V l Genes regulating biological pathways that

has arole in metastasis

Figure 14. Funnel-shaped workflow summarizing the stepwise gene filtering and prioritization pipeline used to
identify LUAD biomarkers.

Starting from 5,500 differentially expressed transcripts (including mRNAS, IncRNAs, snRNAs, snoRNAs),
successive filters were applied using mutation clustering, functional variant analysis (VEP), transcription factor
binding impact (TRAP), and pathway enrichment (GSEA). The process culminated in 4 final biomarker
candidates with potential regulatory roles in metastasis
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CHAPTER S

DISCUSSION

The integrative multi-omics analysis conducted in this study provides a comprehensive
understanding of the genomic and transcriptomic alterations underlying lung
adenocarcinoma (LUAD) progression. By leveraging both whole exome sequencing
(WES) and RNA sequencing (RNA-seq) datasets from The Cancer Genome Atlas (TCGA),
distinct molecular patterns were uncovered between early-stage and late-stage LUAD,
highlighting novel biomarker candidates and critical pathways implicated in tumorigenesis

and therapeutic resistance.

One of the most striking findings of this study was the absence of significant differential
gene expression in early-stage LUAD, contrasted by the extensive transcriptomic
dysregulation observed in late-stage disease. This shift emphasizes the relative molecular
quiescence of early-stage tumors and implies that until extra layers of gene control are
disturbed, genomic changes alone might not be enough to produce aggressive phenotypes
[53]. According to earlier research, late-stage LUAD is associated with increased
proliferative capacity and immune evasion mechanisms. The late-stage cohort showed a
marked downregulation of important homeostatic and immune pathways along with an

upregulation of oncogenic processes like E2F targets and G2M checkpoint regulation [54].

The crucial role of known drivers like KRAS and EGFR across disease stages was further

supported by the use of OncodriveCLUSTL to identify important mutation hotspots.
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Notably, the late-stage group identified more promising candidates, including OBSCN and
MUC16, whose clustered mutation patterns point to possible roles in the development of
the disease and resistance to treatment [55]. These observations align with prior findings
that implicate late-stage LUAD as genomically more unstable and heterogeneous

compared to early stages.

An important advancement achieved in this study was the integration of mutation hotspot
data with differential expression profiles. By focusing on genes that were both mutated in
clustered patterns and differentially expressed, a more functionally relevant subset of
candidates was prioritized. This approach addresses a critical gap in previous LUAD
studies, where genomic and transcriptomic alterations were often considered in isolation,
limiting mechanistic insights [56]. Variant effect prediction using Ensembl VEP and
transcription factor binding affinity analysis via TRAP further refined the gene list by

evaluating functional consequences at both the coding and regulatory levels.

The final shortlist of biomarkers, LCP1, COL5A2, KALRN, and LRRC15 (emerged as a
novel therapeutic target), demonstrates how multi-layered filtering can converge on genes
with plausible roles in LUAD pathogenesis. These genes are associated with hallmark
processes such as KRAS signaling, angiogenesis, epithelial-mesenchymal transition
(EMT), and UV response modulation, all of which are central to cancer metastasis and
resistance mechanisms [57-60]. Notably, LCP1, enriched in the KRAS_SIGNALING_UP
pathway, has been previously implicated in promoting cytoskeletal reorganization and

metastasis in lung cancer models [61]. Similarly, COL5A2 and LRRC15 have been linked
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to extracellular matrix remodeling and EMT, providing biological plausibility to their

candidacy as metastasis-related biomarkers.

Moreover, the findings on pathway enrichment resonate with established knowledge about
LUAD progression. Upregulated pathways such as glycolysis and mTORCL1 signaling
reflect a metabolic shift toward aerobic glycolysis (the Warburg effect) and growth-
promoting signals, both of which have been extensively reported in aggressive lung tumors
[62]. Conversely, the downregulation of pathways like adipogenesis and inflammatory
responses highlights a suppression of normal differentiation and immune signaling

processes, likely facilitating tumor escape from immunosurveillance [63].

Nevertheless, several limitations must be acknowledged. While the TCGA cohort offers a
rich and diverse dataset, it represents primarily early to moderately advanced stages, with
fewer very late-stage (e.g., extensive metastasis) cases. This limitation could bias pathway
findings towards moderately progressive rather than terminal disease characteristics.
Furthermore, while the computational predictions regarding transcription factor affinity
shifts provide valuable insights, functional validation in wet-lab experiments remains

essential to conclusively establish the regulatory consequences of these mutations.

In conclusion, this study underscores the power of integrative multi-omics approaches in
revealing complex molecular landscapes of cancer. We were able to pinpoint important
genomic biomarkers and pathways that are probably responsible for the late-stage
progression of LUAD by connecting somatic mutational profiles with transcriptomic

dysregulation. Proteomics and single-cell omics technologies should be used in future
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research to further analyze tumor heterogeneity and validate the discovered biomarkers

experimentally to hasten their conversion into clinical uses.
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CHAPTER 6

CONCLUSION AND FUTURE DIRECTIONS

The molecular foundations of lung adenocarcinoma (LUAD) progression were
investigated in this work using an integrated multi-omics framework. We were able to
identify the different genomic and transcriptomic landscapes linked with early and late
stages of the disease by aggregating whole exome sequencing data with RNA-seq datasets.
Strong evidence indicates from the results that tumor evolution in LUAD is characterized
by a change from minimal transcriptomic disturbance in early stages to widespread

dysregulation of important biological pathways in advanced disease.

Especially, the multi-omics approach helped to identify a small subset of highly confident
biomarker candidates — LCP1, COL5A2, KALRN, and LRRC15 — that show both
notable mutation clustering and expression dysregulation. Closely related to several
important cancer hallmarks including epithelial-mesenchymal transition, angiogenesis,
KRAS signaling, and stress response were these genes. Their possible involvement as
drivers of LUAD progression emphasizes the need of combining several molecular layers

to find significant targets for therapy and prognosis.

Gene Set Enrichment Analysis (GSEA) pathway-level data revealed consistent enrichment
of oncogenic programs including cell cycle control, metabolic reprogramming, and
immune suppression in late-stage tumors. These results reflect more general observations
in the LUAD research area, whereby late-stage tumors show enhanced proliferative and

survival capacity at the expense of immune system interaction. Particularly the inhibition
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of adipogenesis and inflammatory response pathways emphasizes how tumors reinterpret

their microenvironment to enable immune evasion and metastases.

While the study offers valuable contributions to the field, it also highlights ongoing
challenges. Though their depth, the reliance on TCGA datasets limits generalizability
across many ethnic backgrounds and rare disease subtypes. Furthermore, computational
estimates of mutation effects on transcription factor binding demand experimental
validation to verify their biological significance. Translating omics-driven results into

clinical practice depends on addressing these constraints in next studies.

Finally, this thesis shows how well integrated omics studies offer a potent approach to
expose the intricate molecular architecture of LUAD. We have not only enlarged the list
of possible biomarkers but also advanced knowledge of disease progression mechanisms
by connecting somatic mutations to functional gene expression changes. Future directions
should include functional validation of candidate biomarkers, integration of other omics
layers such proteomics and epigenomics, and investigation of their relevance and their
utility in precision oncology settings. To conclude, the main findings from this study lay a

strong foundation for advancing biomarker discovery and therapeutic innovation in LUAD.

The insights gained from this integrative multi-omics analysis pave the way for several
promising future research directions in the study of lung adenocarcinoma (LUAD). The
identification of stage-specific molecular signatures and functionally relevant biomarkers
like LCP1, COL5A2, KALRN, and LRRC15 suggests strong candidates for therapeutic
targeting and prognostic modeling. Functional validation of these biomarkers in vitro and

in vivo will be a critical next step to confirm their role in LUAD progression and treatment
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resistance. Moreover, their integration into predictive models could enhance early
diagnosis and stratify patients based on risk or likely response to therapies. Extending this
research into prospective clinical trials would help evaluate their utility in real-world

precision oncology applications.

Beyond biomarker validation, future work should broaden the molecular scope by
incorporating additional omics layers such as proteomics, single-cell RNA sequencing, and
epigenomics. These techniques could uncover further complexities of tumor heterogeneity,
microenvironmental interactions, and regulatory dynamics that are not captured by bulk
genomic and transcriptomic analyses alone. Importantly, such expansions will aid in
resolving the limitations associated with TCGA’s relatively homogenous patient
population and underrepresentation of terminal-stage tumors. As multi-omics technologies
become more accessible, their integration will be essential for constructing robust,
clinically actionable molecular maps of LUAD that inform targeted therapy development,

resistance prediction, and personalized treatment strategies.
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