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Abstract

The rapid advancement of high-throughput sequencing has generated vast multi-omics
datasets that offer unprecedented insights into complex cancer phenotypes. However, ef-
fective integration of these modalities, including DNA methylation, gene expression, and
copy number alterations, is frequently hindered by inherent high dimensionality, signifi-
cant noise, and severe class imbalance, which collectively pose substantial challenges to
traditional statistical and machine learning approaches. This dissertation addresses these
challenges through a progressive and unified computational framework that evolves from
interpretable linear modelling to advanced deep generative architectures for robust data
integration and predictive modelling.

In the first stage, a linear framework was developed to identify menopause-related
biomarkers in breast cancer. By utilizing a systematic preprocessing pipeline with Mut-
SigCV, applying Synthetic Minority Oversampling TEchnique (SMOTE) to address class
imbalance, and leveraging Principal Component Analysis (PCA) for dimensionality re-
duction, this research successfully identified and validated biologically significant markers
including RUNX1, PTEN, MAP3K1, and CDH1. Interpretability was ensured via Shapley-
value-based explainable AI (XGBoost), demonstrating the framework’s ability to extract
clinically relevant insights.

Recognizing the limitations of linear methods in capturing complex nonlinear rela-
tionships, the second stage introduced a deep learning-based framework integrating Au-
toEncoder (AE) with Generative Adversarial Network (GAN). This integration enabled the
learning of a compact, nonlinear latent representation while simultaneously synthesizing
realistic minority class samples to improve model generalization. The proposed AE—-GAN
framework achieved marked performance improvements, with classification accuracies of
88.82% for bladder cancer and 95.09% for breast cancer. Based on these findings, the final
stage of this dissertation proposes a novel architecture-level integration of AE with Condi-
tional Tabular Generative Adversarial Network (CTGAN). Unlike conventional approaches
that generate synthetic data in the original feature space, this method trains CTGAN directly
within a shared latent space, enabling the generation of high-fidelity synthetic samples that



vi

preserve the intrinsic biological structure of the data.

Extensive evaluation demonstrates that the AE-CTGAN framework shows improved
performance over earlier models, achieving near-perfect accuracies of 0.9929 for bladder
cancer and 0.9748 for breast cancer. Furthermore, fidelity analysis reveals that latent space
generation reduced the average Euclidean distance between real and synthetic samples by
up to 84% compared to standard GANs. In general, this research contributes to a robust
and scalable methodology for predicting cancer outcomes, supporting the development of
personalized treatment strategies in precision medicine.

Future work will focus on adapting the framework to multi-class and longitudinal omics
data, integrating attention-based or transformer architectures to improve interpretability, and
validating the approach on prospective clinical cohorts to assess real-world generalizability.
The proposed AE-CTGAN pipeline also holds promise beyond oncology, with potential
applications in other multimodal biomedical domains such as neurodegenerative disease
profiling, pharmacogenomics, and rare disease diagnosis, where high dimensionality and
class imbalance are similarly pervasive. Ultimately, this dissertation establishes a foundation
for robust, scalable, and fidelity-evaluated generative modelling in multi-omics research,

contributing to the broader goal of precision medicine.
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Chapter 1

Introduction

1.1 Overview

Technological advances in Next-Generation Sequencing (NGS) have enabled the generation
of diverse omics data types at unprecedented scale [1]. Multi-omics platforms are becoming
increasingly accessible, facilitating comprehensive investigations into complex biological
systems. Integrating heterogeneous omics data such as gene expression, Deoxyribonu-
cleic Acid (DNA) methylation, and Copy Number Alteration (CNA) enables systems-level
analysis of cancer mechanisms and outcome prediction.

Dimensionality Reduction (DR) techniques have been widely adopted for multi-omics
integration [2, 3]. Nevertheless, the high dimensionality, heterogeneity, and limited sample

sizes inherent in multi-omics datasets continue to pose significant analytical challenges.



1.2 Research Motivation

The motivation for this research stems from both clinical and methodological considerations
in multi-omics cancer outcome prediction.

Clinically, minority outcome classes frequently correspond to high-risk or biologi-
cally distinct patient subgroups, including aggressive tumour phenotypes or rare molecular
variants. In such contexts, overall accuracy alone is insufficient if minority cases are mis-
classified. Failure to identify these clinically critical subgroups may compromise treatment
stratification and prognostic reliability. Consequently, improving minority-class recall and
balanced predictive performance is a clinically meaningful objective.

Methodologically, multi-omics datasets are characterized by extreme dimensionality and
heterogeneous feature distributions relative to the number of available samples. Linear DR
methods such as PCA are limited in their ability to capture nonlinear biological interactions
among genomic and epigenomic variables. Although nonlinear embedding approaches
such as Probabilistic Approximation Model with Controlled Mapping (PaCMAP) [3] and
t-SNE [4] have been explored, they remain constrained in representational capacity [5] or
scalability [6].

Addressing class imbalance further complicates the modelling process. Traditional
oversampling techniques such as SMOTE and ADASYN [7, 8] rely on local interpolation
and may not preserve the complex distributional structure of tabular omics data. While
GANSs [9] provide a powerful generative framework, standard GAN architectures often
exhibit instability when applied to structured tabular datasets [10].

Direct application of generative models to raw high-dimensional omics features can



further exacerbate instability and mode collapse. Learning compact latent representations
prior to generative modelling offers a principled strategy for reducing dimensionality and
structuring the data manifold. Autoencoders have demonstrated effectiveness in nonlinear
representation learning [11, 12, 13], and variational approaches have shown promise in
multi-omics integration [14]. However, integrating latent-space learning with conditional
generative augmentation for imbalanced multi-omics outcome prediction remains insuffi-
ciently investigated.

These clinical and methodological factors collectively motivate the development of a
unified framework that combines nonlinear latent representation learning with conditional

generative modelling to enhance minority-class detection and predictive robustness.

1.3 Problem Statement

Multi-omics datasets exhibit high dimensionality, heterogeneous feature distributions, lim-
ited sample sizes, and pronounced class imbalance in clinically relevant outcomes. Linear
DR methods are inadequate for modelling nonlinear biological relationships, while conven-
tional oversampling techniques may distort the intrinsic structure of complex tabular omics
data [15].

Although GAN models [9] provide a mechanism for synthetic data generation, standard
architectures are not tailored for tabular data [10]. CTGAN [16] addresses structured tabular
modelling through conditional mechanisms; however, its integration within autoencoder-
derived latent representations for multi-omics cancer outcome prediction has not been

systematically evaluated.



Accordingly, a robust framework is required that:

* Learns meaningful shared latent representations from heterogeneous multi-omics
datasets. This dissertation develops a unified representation learning framework
that extracts compact and biologically meaningful latent features from heterogeneous
multi-omics data. Unlike linear techniques such as PCA, the proposed autoencoder
captures nonlinear relationships across modalities and projects high-dimensional data
into a low-dimensional latent space while preserving discriminative signals relevant
to classification tasks such as menopausal status in BRCA and tumour mutational
burden in BLCA. This shared latent representation reduces noise, redundancy, and
modality-specific bias, resulting in a more stable and generalizable feature space for

downstream learning.

* Performs minority-class augmentation within latent space. A key contribution of this
work is to perform data augmentation within the learned latent space rather than in

the original high-dimensional feature space.

» Compares conditional generative modelling with standard GAN approaches. This dis-
sertation presents a systematic comparison between standard GANs and conditional
GANs (CTGANSs) for synthetic data generation in multi-omics classification tasks.
While traditional GANs generate samples without class awareness, CTGAN incorpo-
rates conditional information to guide the generation process, enabling more accurate
minority-class synthesis. The results demonstrate that CTGAN consistently produces
higher-quality samples with improved distributional fidelity and class separability, as

validated through quantitative metrics such as latent-space distance, highlighting the



importance of conditional generation in addressing class imbalance.

* Demonstrates generalizability across multiple cancer datasets. The proposed frame-
work is evaluated across multiple cancer datasets, including BRCA and BLCA, which
differ in biological characteristics, prediction objectives, and class imbalance severity.
The consistent performance improvements observed across these datasets demonstrate
that the autoencoder-based latent representation combined with CTGAN augmenta-
tion is not dataset-specific but rather a generalizable approach for multi-omics inte-
gration and classification. This cross-dataset validation strengthens the robustness
and applicability of the proposed method to a wide range of biomedical prediction

problems.

1.4 Research Gaps and Novelty

Existing approaches typically apply dimensionality reduction followed by classification,
perform oversampling in raw feature space, or employ generative models independently
of learned latent representations. A unified framework that integrates nonlinear latent
representation learning with conditional generative augmentation for imbalanced multi-
omics outcome prediction remains lacking.

To the best of our knowledge, no prior study has systematically evaluated CTGAN-based
minority augmentation within autoencoder-derived shared latent spaces for multi-omics
cancer outcome prediction, nor quantitatively assessed synthetic sample fidelity within the
latent domain.

The novelty of this work lies in combining nonlinear representation learning and con-



ditional generative modelling within a single framework for robust imbalanced multi-omics

classification.

1.5 Research Questions and Hypotheses

This study is guided by the following research questions and hypotheses.

RQ1: Can nonlinear latent representations learned via autoencoders effectively capture
discriminative information from heterogeneous multi-omics datasets?

H1: Classifiers trained on autoencoder-derived latent representations achieve improved

predictive performance compared to models trained on raw multi-omics features.

RQ2: Does minority-class augmentation in latent space improve classification perfor-
mance under class imbalance?
H2: Latent-space augmentation improves recall and F1-score compared to non-augmented

training.

RQ3: Does CTGAN-based augmentation outperform standard GAN augmentation?
H3: CTGAN yields higher-fidelity synthetic samples and improved F1-score and AUC

compared to standard GAN.

RQ4: Does the proposed AE-CTGAN framework generalize across cancer types?

H4: The AE-CTGAN pipeline consistently achieves improved recall and F1-score
across BRCA and BLCA datasets.

Performance was evaluated using accuracy, precision, recall, F1-score, AUC, and latent-

space fidelity analysis.



1.6 Contributions

The contributions of this research lie at the intersection of multi-omics data integration,
computational biology, generative Artificial Intelligence (Al), and biomarker discovery.
Multi-omics data integration provides the foundational framework by combining heteroge-
neous molecular layers to enable a comprehensive, systems-level understanding of complex
biological processes. In this context, computational biology provides the analytical meth-
ods needed to process and interpret high-dimensional biological data. Building upon these
foundations, generative artificial intelligence techniques are employed to model, augment,
and synthesize complex biological datasets, particularly in the presence of class imbalance.
These integrated approaches ultimately support biomarker discovery by identifying mean-
ingful molecular signatures that can enhance disease diagnosis, prognosis, and treatment
stratification.

The main contributions of this dissertation are as follows:

* Addressing class imbalance in multi-omics data: This dissertation tackle the
problem of class imbalance, which often biases machine learning models towards
majority classes, by proposing a novel data augmentation pipeline, where the novelty

is augmenting the tabular data based on the extracted latent space.

» Utilizing an Autoencoder for latent space extraction: An autoencoder was em-
ployed to extract a compressed latent representation of the multi-omics datasets,

effectively reducing dimensionality while preserving meaningful information.

* Comparative analysis of GAN and CTGAN for oversampling: Synthetic samples



for the minority class were generated from the latent space using both standard GAN

and CTGAN to compare their effectiveness.

First application in cancer outcome prediction: To our knowledge, this is the
first study to apply CTGAN to latent spaces derived from autoencoders for cancer
outcome prediction, using its conditional sampling ability to generate high-quality

minority-class samples.

Evaluation using downstream neural network classification: The impact of gen-
erated samples by training a neural network classifier on the augmented data was

assessed, using F1-score, precision, recall, and accuracy as performance metrics.

* Demonstrating superior performance of AE-CTGAN pipeline: Experimental
results show that our proposed AE-CTGAN approach significantly outperforms AE—
GAN, achieving higher F1-scores and recall, thus proving its effectiveness in improv-

ing minority class representation and classification performance.

Validation on two different datasets: Our proposed technique was validated using
two distinct publicly available multi-omics datasets: BRCA (breast cancer) and BLCA

(bladder cancer), to demonstrate the robustness and generalizability of our approach.

1.7 Dissertation Organization

The remainder of this dissertation is organized as follows:

 Chapter 2 provides background and preliminaries on multi-omics integration, cancer

biology, dimensionality reduction techniques, and related work.



» Chapter 3 presents the linear framework, including the materials used, preprocessing,

1.8

and the predictive modelling framework.

Chapter 4 presents autoencoder-based latent representation learning with GAN and
CTGAN augmentation strategies to handle class imbalance in multi-omics data anal-

ysis.

Chapter 5 concludes the study and outlines future research directions.
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Chapter 2

Background and Preliminaries

This chapter introduces the following preliminaries to help understand the outcomes of the

proposed methodologies.

2.1 Multi-omics

Multi-omics refers to an analytical strategy that integrates multiple layers of biological
data, including genomics, transcriptomics, proteomics, epigenomics, and metabolomics,
to study biological systems in a unified manner. By jointly analyzing complementary
data modalities such as DNA, CNA and messenger Ribonucleic Acid (mRNA) expression
profiles, multi-omics approaches provide deeper insight into the molecular complexity
of biological processes and disease states compared to analyses based on a single omics
layer. However, integrating multi-omics data presents substantial challenges, including high-
dimensional feature spaces, heterogeneity across data types, and increased computational

demands. Addressing these challenges through robust computational and machine learning

11



approaches is essential for identifying meaningful biomarkers, stratifying disease subtypes,
and uncovering potential therapeutic targets, particularly in oncology research [17].

Advances in high-throughput experimental technologies, including NGS and microarray-
based platforms, have led to rapid growth in genomic and transcriptomic datasets. These
technologies enable the simultaneous characterization of DNA-level alterations, such as
CNA variations, alongside mRNA expression patterns within a unified experimental frame-
work [18]. Consequently, the integration of genomic and transcriptomic data has become
increasingly important for achieving systems-level biological insights and supporting pre-
cision medicine initiatives [19].

In this study, the multi-omics data consist of DNA, CNA profiles representing genomic
alterations and mRNA expression data capturing transcriptomic activity. These datasets
were obtained from The Cancer Genome Atlas (TCGA) and focus on breast cancer (BRCA)

and bladder cancer (BLCA) cohorts.

2.1.1 Clinical and Research Benefits of Multi-omics Integration

Integrative multi-omics approaches improve diagnostic accuracy by capturing complemen-
tary molecular alterations across genomic, transcriptomic, epigenomic, and proteomic lay-
ers. The integration of these diverse molecular signatures enables the identification of
distinct cancer subtypes and supports earlier and more precise disease detection compared
with single-omics analysis [20]. By revealing tumour-specific molecular patterns, multi-
omics strategies enhance classification systems and contribute to more reliable molecular
diagnosis.

Multi-omics integration facilitates the discovery of robust and biologically meaningful
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biomarkers that are strongly associated with clinical outcomes, including overall survival,
disease recurrence, and therapeutic response. These biomarkers support improved risk
stratification and more accurate prognosis estimation at the individual patient level [21].

For example, Chaudhary et al. demonstrated that deep learning-based integration of
genomic, transcriptomic, and epigenomic features significantly improved survival prediction
in liver cancer, highlighting the clinical value of multi-omics-driven biomarker discovery
[22]. Such integrative approaches enable more reliable prediction models by capturing
complex molecular interactions underlying tumour progression.

The comprehensive characterization of tumours through multi-layered molecular profil-
ing supports the identification of actionable therapeutic targets and improves the prediction
of treatment response. This integrative framework underpins precision oncology, where
therapeutic decisions are guided by individual molecular profiles rather than generalized
clinical characteristics [21, 20].

Multi-omics integration enables personalized treatment by identifying biomarkers as-
sociated with drug sensitivity, resistance mechanisms, and pathway-specific vulnerabilities.
These insights facilitate targeted therapeutic interventions and contribute to improved clin-
ical outcomes for cancer patients [23].

Overall, multi-omics analysis plays a critical role in advancing personalized medicine
by enhancing diagnostic precision, improving prognostic assessment, and enabling more

effective, individualized treatment strategies.
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2.2 Molecular Data Modalities (Omics)

CNA, mRNA expression, DNA methylation, and gene expression collectively represent key
molecular layers for characterizing cancer biology. CNAs arise from structural genomic
changes that lead to gains or losses of DNA segments and can substantially influence
gene dosage, expression levels, and cellular function. These alterations play critical roles
in cancer initiation, progression, and resistance to therapy [24]. At the transcriptomic
level, mRNA expression profiling provides insight into gene regulatory networks and the
functional state of cells, with aberrant expression patterns closely associated with tumour
progression, metastatic potential, and treatment response, particularly in breast cancer.

In parallel, DNA methylation serves as a major epigenetic regulatory mechanism that
modulates gene expression without altering the underlying DNA sequence. Dysregulated
methylation patterns contribute to tumourigenesis by silencing tumour suppressor genes or
activating oncogenes, thereby affecting key cellular processes such as proliferation, apopto-
sis, and differentiation [25, 26]. Gene expression profiles further enable the identification of
molecular cancer subtypes, which is essential for predicting patient prognosis and determin-
ing appropriate therapeutic strategies. Consequently, modern cancer research increasingly
relies on the integrated analysis of gene expression data, alongside other molecular alter-

ations, to achieve a more comprehensive and precise understanding of tumour [27].
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2.3 Multi-Omics Data Integration

The integration of multi-omics data has become a critical component in modern cancer
research, as complex diseases such as cancer cannot be fully characterized by a single
molecular modality. For instance, gene expression profiles provide insights into transcrip-
tional activity, while DNA methylation reflects epigenetic regulation, and CNA captures
structural genomic variations. Combining these heterogeneous data sources enables a more
comprehensive understanding of tumour behaviour and disease progression [28].

Figure 2.1 illustrates the integration of complementary omics layers, including genomics,
transcriptomics, epigenomics, proteomics, and metabolomics, to provide a systems-level
view of cancer biology. This integrative perspective motivates the use of machine learning
methods to extract informative latent representations and improve downstream predictive
performance.

Multi-omics integration strategies can be broadly categorized into three main ap-
proaches: early integration, intermediate integration, and late integration. Early integration,
also known as feature-level integration, involves concatenating features from multiple omics
datasets into a single high-dimensional matrix. While straightforward, this approach often
exacerbates the curse of dimensionality and may introduce redundancy. Late integration,
or decision-level integration, combines predictions from models trained separately on each
omics type. Although this method preserves modality-specific information, it may fail to
capture cross-omics interactions [29].

In contrast, intermediate integration focuses on learning a shared representation across

multiple data modalities. This approach is particularly suitable for capturing complex

15



GENOMICS

DNA variation

PROTEOMICS
Proteins & their abundance
MULTI-OMICS IMPROVED
METABOLOMICS INTEGRATION PREDICTION &
Small molecules & metabolites HOLISTIC VIEW OF PERSONALIZED
’ == l HUMAN BIOLOGY » HEALTHCARE
TRANSCRIPTOMICS Combining diverse _ R
A\ Griasian biological data to Systems-level Better diagnosis,
uncover complex understanding prognosis &
interactions therapeutic
EPIGENOMICS ; SLERU

Epigenetic modifications

OTHER OMICS

Additional molecular layers

Figure 2.1: Schematic representation of multi-omics integration, showing how complemen-
tary molecular layers, including genomics, transcriptomics, epigenomics, proteomics, and
metabolomics, can be combined to support systems-level biological analysis, computational
prediction, and deeper insight into cancer biology.

nonlinear relationships among features and is adopted in this work. Specifically, multi-
omics features are first combined and then transformed into a lower-dimensional latent
representation, which serves as the basis for downstream analysis. This strategy enables
the model to learn meaningful feature interactions while mitigating the challenges of high
dimensionality [29].

Despite its advantages, multi-omics integration presents several challenges, including
differences in data distributions, measurement scales, and noise levels across omics types.
These challenges necessitate robust preprocessing and representation learning techniques to

ensure effective integration and meaningful downstream analysis.
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2.4 Cancer Context and Study Cohorts

Breast cancer BRCA and bladder cancer BLCA are among the most extensively studied ma-
lignancies in genomic research, particularly within large-scale initiatives such as TCGA [30].
These datasets provide comprehensive multi-omics profiles that enable the investigation of
complex biological mechanisms and the development of predictive models.

In the context of BRCA, tumour heterogeneity is influenced by a combination of ge-
netic, epigenetic, and hormonal factors. One clinically relevant aspect of breast cancer is
menopausal status, which significantly affects disease progression, treatment response, and
patient outcomes. The classification of pre-menopausal and post-menopausal breast cancer
cases presents a challenging task due to subtle molecular differences and overlapping feature
distributions across classes.

Bladder cancer BLCA, on the other hand, is often characterized by variations in Tumor
Mutational Burden (TMB), which represents the number of mutations per coding region of
the tumour genome. TMB has become an important biomarker for predicting the response to
immunotherapy, particularly in the context of immune checkpoint inhibitors [31]. However,
classifying tumours into high and low TMB categories is challenging due to data imbalance
and complex genomic patterns.

Both data sets BRCA and BLCA exhibit key characteristics that make them suitable for
the evaluation of advanced machine learning techniques. First, they are inherently high-
dimensional, often containing tens of thousands of features across multiple omics layers.
Second, they exhibit significant biological variability and noise, which complicates the

generalization of the model. Third, they frequently suffer from class imbalance, where one
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class is underrepresented, leading to biased model performance if not properly addressed.

In this work, multi-omics data from TCGA is utilized for both BRCA and BLCA cohorts.
The datasets include gene expression, DNA methylation, and CNA features, which are inte-
grated into a unified representation. The classification tasks focus on predicting menopausal
status in BRCA and TMB status in BLCA, providing two distinct yet complementary case
studies for evaluating the proposed framework.

The combination of these datasets enables the assessment of the proposed methodology
across different biological contexts, demonstrating its robustness and generalizability in
handling heterogeneous and imbalanced multi-omics data. Cancer is a complex and hetero-
geneous disease influenced by genetic, epigenetic, and environmental factors. Single-omic
approaches may not fully capture this complexity due to the lack of omics interactions, high-
lighting the need for multi-omics integration. By analyzing interactions and correlations
across multiple omics layers, researchers can identify robust molecular drivers of cancer,

thereby facilitating more accurate and comprehensive models of biology [32].

2.4.1 Cancer

Cancer is a multi-factorial and heterogeneous group of diseases characterized by the pro-
gressive accumulation of genetic mutations and epigenetic alterations that disrupt normal
cellular homeostasis. These molecular abnormalities promote uncontrolled cellular prolif-
eration, resistance to apoptosis, sustained angiogenesis, and tumour progression [33]. The
cancer cells grow abnormally as seen in Figure 2.2 [34].

The initiation and progression of cancer are driven by complex interactions among

intrinsic genetic susceptibility, environmental exposures, lifestyle factors, and dysregulation
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Figure 2.2: Histopathological image of human breast cancer tissue, illustrating malignant
cells (dark purple) embedded within surrounding connective tissue (pink). This visual
highlights the structural heterogeneity and complex cellular organization characteristic of
tumour microenvironments, which pose significant challenges for computational analysis
and modeling. Image credit: Cecil Fox, National Cancer Institute (NIH)

of multiple interconnected molecular pathways [35]. Due to this biological complexity,
single-layer molecular analysis is often insufficient to fully characterize tumour behaviour.

Consequently, integrative multi-omics approaches combining genomic, transcriptomic,
epigenomic, and proteomic data have become essential for achieving a systems-level under-
standing of cancer biology [36]. Such integrative analyses enable the identification of robust
biomarkers, improved disease subtyping, and discovery of clinically actionable therapeutic
targets, thereby enhancing cancer diagnosis, prognosis, and precision treatment strategies

[37].

2.4.2 Breast Cancer

Breast cancer is a malignant disease originating from epithelial cells of the breast, most

commonly arising in the ducts or lobules. It is the most frequently diagnosed cancer
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among women worldwide and remains a leading cause of cancer-related mortality [38].
The etiology of breast cancer is multifactorial, involving genetic susceptibility, hormonal
and reproductive factors, environmental influences, and lifestyle behaviours. Pathogenic
variants in high-penetrance genes such as BRCA 1 and BRCA?2 substantially increase lifetime
risk [39]. Additional risk factors include prolonged estrogen exposure, obesity, alcohol
consumption, and reproductive history [40].

Breast cancer exhibits marked molecular and clinical heterogeneity, which has driven the
adoption of integrative multi-omics approaches to improve subtype classification, prognostic

assessment, and therapeutic stratification [41].

2.4.3 Menopause and Breast Cancer

Menopause represents the permanent cessation of ovarian function and is clinically defined
as the absence of menstruation for 12 consecutive months. Women are broadly categorized as
pre-menopausal or post-menopausal based on ovarian hormonal activity. This physiological
transition has important implications not only for reproductive health but also for breast
cancer biology and treatment response [42].

Menopausal status significantly influences tumour molecular characteristics and is com-
monly incorporated as a key clinical variable in breast cancer research and clinical studies
[43]. Integrating menopausal status within multi-omics frameworks enhances the char-
acterization of tumour heterogeneity and facilitates the identification of subtype-specific

biomarkers and therapeutic targets.
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Breast Cancer in pre-menopausal Women

pre-menopausal women typically exhibit higher circulating levels of estrogen and proges-
terone, which can promote hormone-driven tumourigenesis [42]. Breast cancers diagnosed
in younger, pre-menopausal women often display more aggressive clinical and molecular
features. These tumours are more frequently triple-negative-lacking expression of estro-
gen receptor (ER), progesterone receptor (PR), and HER2-which is associated with poorer
prognosis and limited targeted treatment options [44].

Furthermore, pre-menopausal patients are more likely to present with higher tumour
grade and increased lymph node involvement at diagnosis, reflecting more aggressive disease

biology.

Breast Cancer in Post-menopausal Women

Post-menopausal women experience reduced ovarian estrogen production, resulting in dis-
tinct tumour biology and therapeutic responses [42]. Breast cancers in this group are more
commonly hormone receptor-positive and therefore responsive to endocrine therapies such
as aromatase inhibitors and selective estrogen receptor modulators (e.g., tamoxifen) [45].
Understanding differences between pre-menopausal and post-menopausal breast cancer
is essential for accurate risk stratification, treatment selection, and integrative multi-omics

analysis.
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2.4.4 Bladder Cancer

Bladder cancer arises from the epithelial lining of the urinary bladder, with urothelial
carcinoma representing the predominant histological subtype. It is among the most common
malignancies of the urinary tract and is strongly associated with environmental and lifestyle
risk factors, particularly tobacco smoking, occupational exposure to aromatic amines and
industrial chemicals, and chronic bladder irritation or inflammation [46].

Bladder cancer exhibits considerable molecular heterogeneity and variable clinical be-
haviour, ranging from non-muscle-invasive disease to highly aggressive muscle-invasive
and metastatic forms. Treatment strategies are determined primarily by tumour stage and
grade and typically include surgical resection, intravesical therapy, systemic chemotherapy,
immunotherapy, and radiation as part of multimodal management [47].

Advances in molecular profiling and multi-omics integration have improved understand-
ing of bladder cancer pathogenesis and have facilitated the identification of biomarkers for

prognosis and therapeutic response [48].

2.4.5 Tumour Mutational Burden

TMB is a quantitative biomarker defined as the total number of somatic coding mutations-
including base substitutions and small insertions/deletions-per megabase of tumour DNA.
TMB serves as a surrogate measure of tumour neoantigen load and reflects the likelihood of
immune recognition. Bladder cancer is characterized by relatively high genomic instability,
and TMB has emerged as an important biomarker for predicting prognosis and response to

immunotherapy [49].
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In this study, TMB is used to stratify bladder cancer samples into low- and high-mutation
groups to investigate differential molecular patterns across multi-omics layers, including

CNA, gene expression, and DNA methylation.

High TMB

High TMB tumours exhibit elevated numbers of somatic mutations and increased genomic
instability, leading to the generation of a large repertoire of neoantigens. These neoantigens
enhance tumour immunogenicity and are frequently associated with increased infiltration of
cytotoxic CD8* T cells and heightened immune activity within the tumour microenviron-
ment [50].

Clinically, high TMB is strongly associated with improved response to immune check-
point inhibitors, including therapies targeting the PD-1/PD-L1 axis [49]. Clinical trials have
demonstrated that patients with high TMB in bladder cancer often experience improved sur-
vival and higher response rates following immunotherapy [51].

In this work, high TMB samples are analyzed to identify multi-omics biomarkers linked

to immune activation, tumour progression, and therapeutic responsiveness.

Low TMB

Low TMB tumours are characterized by fewer somatic mutations and reduced neoanti-
gen burden, resulting in lower immune recognition. These tumours frequently display an
immune-cold phenotype, marked by limited T-cell infiltration, decreased antigen presenta-
tion, and a more suppressive tumour microenvironment. Consequently, patients with low

TMB bladder cancer are less likely to respond to immune checkpoint blockade [31].
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The inclusion of low TMB samples in this study enables the identification of transcrip-
tomic and epigenetic signatures associated with immune exclusion and tumour progression.
Understanding these molecular differences may support the development of alternative ther-

apeutic strategies for patients who are less responsive to current immunotherapy approaches.

2.5 Challenges in Multi-Omics Data Integration

Despite its potential to provide comprehensive molecular insight, multi-omics data integra-
tion in cancer research presents substantial technical, statistical, and biological challenges.
These challenges arise from the intrinsic complexity of high-throughput molecular data and

the heterogeneity of tumour biology.

2.5.1 High Dimensionality and Limited Sample Size

Multi-omics datasets typically contain tens of thousands of molecular features across ge-
nomic, transcriptomic, epigenomic, and proteomic layers, while the number of available
patient samples is often relatively small. This scenario of "large p, small n" increases the
risk of overfitting, reduces the generalizability of the model, and substantially increases
computational complexity [52]. Dimensionality reduction, feature selection, and latent rep-
resentation learning are therefore essential components of multi-omics modeling pipelines.
Although classical dimensionality reduction techniques such as PCA, LDA, and feature
selection methods have been widely adopted in multi-omics studies, they exhibit inherent
limitations when applied to high-dimensional biological data. These approaches are pre-

dominantly linear and may fail to capture complex nonlinear relationships and interactions
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that exist across different omics layers. Furthermore, feature selection techniques, although
useful for reducing dimensionality, often depend on predefined criteria and may overlook
subtle but biologically meaningful patterns embedded in the data.

In addition to these limitations, multi-omics datasets pose further challenges due to their
heterogeneity, sparsity, and differing data distributions across omics platforms. As high-
lighted by Reel et al., the integration of such diverse data sources often involves fragmented
pipelines in which dimensionality reduction, data integration, and model learning are treated
as separate stages [53]. This separation can limit machine learning models’ ability to learn
unified representations that effectively capture cross-omics dependencies and underlying
biological mechanisms.

To address these challenges, there is an increasing need for representation learning ap-
proaches capable of modelling complex, nonlinear structures within multi-omics data. In
this work, an autoencoder-based framework is employed to learn a shared latent feature
space that integrates multiple omics layers into a compact and informative representation.
This learned latent space not only mitigates the curse of dimensionality but also preserves
meaningful biological relationships, providing a robust foundation for downstream analysis.
Moreover, by operating within this learned representation space, the proposed approach fa-
cilitates more effective synthetic data generation with CTGAN, thereby improving handling
of class imbalance while maintaining the structural fidelity of the original multi-omics data

[53].

25



2.5.2 Data Heterogeneity and Scale Differences

Different omics modalities exhibit diverse data structures, statistical distributions, and mea-
surement scales. For example, gene expression data are typically continuous, mutation
profiles are binary or categorical, and DNA methylation is represented as beta values.
These heterogeneous formats complicate integration and require careful normalization and
transformation to prevent a single omics layer from dominating due to scale differences [52].
The absence of universally standardized preprocessing and integration frameworks remains

a significant barrier to reproducible multi-omics analysis.

2.5.3 Integration Complexity and Technical Variability

Integrating multi-omics data requires combining measurements generated from different
experimental platforms and preprocessing pipelines. Differences in sequencing depth,
batch effects, missing values, and platform-specific noise introduce additional technical
variability that can obscure true biological signals [54]. Robust normalization, batch-effect
correction, and data harmonization strategies are therefore critical for reliable multi-omics

integration.

2.5.4 Class Imbalance and Model Bias

Class imbalance is a common issue in cancer datasets, where certain tumour subtypes or
clinical groups are significantly underrepresented compared to others. Machine learning
models trained on imbalanced data tend to favour the majority class, leading to biased

predictions and reduced performance for minority groups [55].
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To address this problem, several strategies have been proposed, including oversampling
the minority class, undersampling the majority class, generating synthetic data, and cost-
sensitive learning [56]. Among these approaches, synthetic data generation using generative
models-particularly GAN has emerged as an effective technique for mitigating class imbal-
ance by producing realistic artificial samples that enhance model generalization and improve

classification performance.

2.5.5 Interpretability and Biological Relevance

Although advanced machine learning and deep learning approaches have improved predic-
tive performance in multi-omics analysis, model interpretability remains a critical challenge.
Translating computational findings into biologically meaningful insights, such as identifying
causal molecular mechanisms or clinically actionable biomarkers, requires careful validation
and integration with domain knowledge [57].

Overall, multi-omics integration faces challenges, including high dimensionality, het-
erogeneous and noisy data, class imbalance, and limited interpretability. Ongoing method-
ological advances, including representation learning, robust feature integration, and scalable
computational frameworks, continue to improve the reliability and biological relevance of

multi-omics cancer studies [58, 59].

2.6 Machine Learning Foundations for Multi-omics

Machine Learning (ML) is a core subfield of artificial intelligence that enables computational

systems to learn patterns from data and make predictions or decisions without explicit rule-
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based programming [60]. As illustrated in Figure 2.3, ML resides within the broader
domain of Al, which itself is a subdomain of Computer Science. The figure highlights the
major learning paradigms within ML, including supervised, semi-supervised, unsupervised,
and reinforcement learning, while also illustrating the role of deep learning as a powerful

methodological framework capable of modelling complex nonlinear relationships.
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Figure 2.3: Conceptual overview of machine learning paradigms, including supervised,
unsupervised, and reinforcement learning, as well as the role of deep learning and generative
models within the broader machine learning framework.

Building upon this conceptual hierarchy, it is important to emphasize that deep learning
does not constitute a separate learning paradigm, but rather a set of techniques that can
be applied across different paradigms. Through the use of multi-layer neural networks,
deep learning enables hierarchical feature extraction and representation learning, which
is particularly effective for high-dimensional and heterogeneous data such as multi-omics
datasets. In addition, generative artificial intelligence represents a specialized class of

machine learning methods that focus on learning the underlying data distribution in order

to generate new, realistic samples. Notably, many generative models, including GAN and
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Variational Autoencoder (VAE), are implemented using deep learning architectures, thereby

creating a natural overlap between deep learning and generative modelling.

2.6.1 Learning Paradigms

In this study, both unsupervised and supervised learning approaches are employed. Specifi-
cally, an unsupervised dimensionality reduction technique is utilized to capture the intrinsic
structure of high-dimensional multi-omics data and to generate compact latent represen-
tations. These representations are subsequently incorporated into a supervised learning
framework for classification, enabling accurate prediction of clinically relevant groups. The
integration of unsupervised feature learning with supervised classification improves model
robustness, reduces noise, and enhances the discovery of biologically meaningful patterns
within integrated multi-omics data.

In bioinformatics and computational oncology, ML techniques play a critical role in
analyzing high-dimensional multi-omics data. These methods facilitate biomarker dis-
covery, molecular subtype classification, disease diagnosis, prognosis prediction, and the
development of personalized therapeutic strategies [61, 62, 63]. By integrating heteroge-
neous biological data and capturing hidden molecular patterns, ML enables more accurate
modeling of complex biological systems and supports precision medicine initiatives.

Furthermore, the combination of representation learning and generative modeling pro-
vides a powerful framework for addressing key challenges in multi-omics analysis, including
high dimensionality and class imbalance. In this work, unsupervised deep learning is em-
ployed to learn a structured latent feature space, which serves as the basis for subsequent

generative modeling using CTGAN to synthesize realistic samples for minority classes.
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This is followed by supervised learning for classification, forming a unified pipeline that
leverages multiple machine learning paradigms to improve predictive performance while

preserving the structural fidelity of the original data.

2.7 Related Work

In multi-omics research, GANSs are used to generate synthetic datasets that can enhance
predictive models. For example, OmicsGAN integrates multiple omics data and their
interaction networks to generate synthetic data with better predictive signals [64]. However,
traditional GANS can face issues such as mode collapse and training instability [65], which
have been addressed by models like Wasserstein GANs. These incorporate the Wasserstein
distance to enhance training stability [66]. Still, Wasserstein GANs were not specifically
designed for tabular data [16]. The recent models in the literature are highlighted in Table
2.1.

VAEs are another type of generative model that encode input data into a latent space
and then decode it back to the original space. This process allows VAEs to learn the
underlying distribution of the data and generate new samples. In multi-omics research,
VAEs are used for data integration and dimensionality reduction [67]. For instance, the
Multi-Omics Variational AutoEncoder (MOVE) framework integrates various omics data
and clinical variables to identify cross-modal associations and improve data resolution [68].
VAEs are particularly useful for handling high-dimensional data and uncovering complex
biological patterns [69, 70]. These generative models offer powerful tools to overcome the

challenges of complex, sparse, and high-dimensional multi-omics data, enabling new in-
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sights and advances in biological research [71]. Apelldniz et al. propose a synthetic tabular

Table 2.1: Comparison of generative models for cancer predictio

Model Year | Author Key Contribution | Application Performance
OmicsGAN 2022 | Ahmed et al. [64] Conditional GAN|Rare cancer sub-|Improved recall
generating  class-|type prediction and Fl1-score com-
specific samples pared to SMOTE
and ADASYN
CTGAN 2024 |Kim et al. [72] GTGAN  applied|12 cancer types|Better prediction
to gene expression |(incl. BRCA) under imbalance

and survival data

LASSO-MOGAT|2024 | Alharbi et al. [73] Graph-attention for|Cancer  outcome|Handles high di-

multi-omics inte- |prediction mensionality and
gration complexity

VAE-GAN 2021 |NuBlberger et al. [74]|Hybrid variational | SNP data Effective with bi-
autoencoder  and nary omics input
GAN model

Precious2GPT  |2024 |Sidorenko et al. [75] |Combines Diffu-|{Class  imbalance |Higher quality than
sion Models and|scenarios GANs and VAEs
Transformers

data generation framework for low-data medical scenarios that leverages transfer learning
and meta-learning to introduce an artificial inductive bias, demonstrating improved distri-
butional similarity and robustness across cancer-related datasets. However, their approach
relies heavily on raw feature-space generation and validation metrics that lack sensitivity
to true data fidelity, particularly in low-sample settings, whereas this work addresses these
limitations by performing generative modelling in an autoencoder-derived latent space and
explicitly evaluating fidelity through CTGAN-based augmentation and quantitative similar-
ity measures, enabling more reliable preservation of underlying multi-omics data structures
[76].

Unlike traditional GANs, which model the marginal distribution p(x) without explicitly
accounting for feature dependencies or class structure, CTGAN [16] introduces conditional

generation tailored for tabular data. By conditioning both the generator and discriminator
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on discrete variables, CTGAN models the conditional distribution p(x|c), enabling the gen-
eration of samples consistent with specific categories. Furthermore, CTGAN incorporates
mode-specific normalization for continuous variables, allowing it to capture multimodal
and non-Gaussian feature distributions commonly observed in tabular multi-omics data.
In addition, its training-by-sampling strategy increases the frequency of underrepresented
categories during training, mitigating mode collapse and improving coverage of minority
classes. These architectural modifications make CTGAN more suitable than traditional
GANS for structured tabular data, particularly in scenarios characterized by heterogeneity
and class imbalance.

Ahmed et al. conduct a comprehensive evaluation of multiple GAN variants, including
CTGAN, demonstrating their effectiveness in generating synthetic medical tabular data
and improving classification performance across several healthcare datasets. However,
their evaluation primarily relies on classifier-based metrics and correlation analyses, which
may not fully capture data fidelity and complex feature dependencies; in contrast, this
work addresses these limitations by leveraging CTGAN within an autoencoder-derived
latent space and incorporating explicit fidelity assessments to better preserve the underlying
structure of multi-omics data [77].

Although recent work like Variational Autoencoder Generative Adversarial Network
(VAE-GAN) [74] has explored the integration of autoencoders and GANs, standard GAN's
struggle with data that contains a mix of discrete and continuous features [16], while multi-
omics data have heterogeneous tabular data. This study addresses two key research gaps in
the literature. First, existing approaches to class imbalance in multi-omics cancer datasets

commonly rely on traditional oversampling techniques or apply generative augmentation

32



directly in the original high-dimensional feature space, often leading to noise amplification
and poor minority class representation. To address this limitation, our work employs an
autoencoder to learn a compact, informative latent representation, enabling data augmenta-
tion in a reduced, denoised space. Second, the application of CTGAN to structured tabular
biomedical multi-omics data, particularly within a learned latent space, remains largely un-
explored. This study explicitly integrates CTGAN with autoencoder-derived latent features,
leveraging its conditional sampling capability to generate high-quality synthetic minority
class samples, thereby improving the effectiveness of data augmentation for imbalanced
cancer outcome prediction.

Diffusion models are a newer class of generative models that simulate the process
of data diffusion over time. They are particularly effective in modelling complex data
distributions and generating high-quality synthetic data. In multi-omics research, diffusion
models like Precious2GPT integrate pre-trained transformers with conditional diffusion to
generate multi-omics, multi-species, and multi-tissue data. These models excel in generating
representative synthetic data that captures tissue- and age-specific information, making them
valuable for drug discovery and aging research [75]. While Precious2GPT is a powerful

multimodal model, it is more generalized and not specifically optimized for tabular data.

2.8 Chapter Summary

This chapter reviewed multi-omics concepts, molecular modalities, cancer context (BRCA
and BLCA), and key challenges in multi-omics integration. It also introduced machine

learning foundations and summarized related work on generative modelling for imbalanced
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multi-omics prediction, motivating the methodological framework developed in Chapter 3.
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Chapter 3

Linear Latent Space Extraction and Base-

line Classification

This chapter discusses the extraction of linear latent space using PCA, followed by handling
the class imbalance problem through linear approaches, including SMOTE and ADASYN.
Then, the standard baseline classifiers were applied, including Support Vector Machine
(SVM)-Radial Basis Function (RBF), Random Forest, and Na ive Bayes.

The main objective is to identify multi-omics signatures that capture the underlying

biological differences between pre-menopausal and post-menopausal breast cancer patients.
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3.1 Materials and Preprocessing

3.1.1 Materials

The publicly available TCGA BRCA dataset was employed to investigate menopausal states
in breast cancer patients [78]. This dataset comprises three heterogeneous omics layers:
gene expression (GE), DNA methylation (DM), and copy number alteration (CNA), thereby
enabling a comprehensive multi-omics analysis [36, 79].

Only samples with clearly defined menopausal status (pre-menopause and post-menopause)
were retained, while intermediate or ambiguous cases were excluded to ensure a well-defined
binary classification task. Initially, 818 samples were available. A filtering process was
applied to retain only those samples that contained complete data across all three omics
layers. This resulted in a final cohort of 344 samples. Among these, 89 samples correspond
to pre-menopausal patients, while 255 samples correspond to post-menopausal patients.

The dataset exhibits high dimensionality, with each omics layer containing thousands of
features. The data were obtained from the cBioPortal platform (https://www.cbioportal.

org/study/summary?id=brca_tcga_pub2015, accessed April 2026).

3.1.2 Multi-Omics Data Characteristics

Each omics dataset has distinct statistical and biological properties:

* Gene Expression (GE): Continuous-valued measurements representing transcript

abundance levels obtained from RNA sequencing experiments.
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* DNA Methylation (DM): Continuous beta values ranging between 0 and 1, repre-

senting the methylation level at specific genomic loci.

* Copy Number Alteration (CNA): Discrete or continuous values representing ge-

nomic amplifications and deletions.

To ensure consistency across modalities, samples were aligned using unique patient
identifiers (SAMPLE_ID). Only the intersection of samples present in all three omics datasets

was retained, ensuring that each sample is represented across all modalities.

3.1.3 Preprocessing

To ensure data quality and suitability for machine learning, several preprocessing steps were
applied in a sequential manner. The overall preprocessing pipeline can be summarized as

seen in Figure 3.1:

Download multi-omics data (mutation, CNA, DNA methylation,
and gene expression) from TCGA.

¥

Sample filtering and alignment across omics
2 Retain primary tumor samples and ensure matched
samples across all omics layers.

Variance-based feature reductior
Remove low-variance features within each omics dataset
to reduce noise and dimensionality.

\ 1 Raw TCGA multi-omics data acquisition ‘

Z-score normalization
4 Normalize features to zero mean and unit variance
to make different omics comparable.

e ;

Gene annotation filtering (HUGO compliance)
5 Keep only genes recognized by HUGO (HGNC)
to ensure consistent gene nomenclature.

¥

Mutation significance analysis using MutSigCV
6 Identify significanity mutated genes by accounting for
background mutation rates and gene-specific properties.

¥

Final dataset construction
7 Integrate all filtered and processed omics data to create
the final multi-omics dataset for downstream analysis.

Figure 3.1: The preprocessing pipeline.
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Variance Filtering

Gene expression features with extremely low variance were removed, as they contribute
minimal discriminative information for classification tasks. Specifically, features with
variance below 0.2 were excluded. This step reduced the number of gene expression
features from approximately 39,000 to 16,000.

Removing low-variance features mitigates the curse of dimensionality, reduces noise,

and improves computational efficiency [80].

Normalization

To ensure comparability across features and omics layers, z-score normalization was applied.

For each feature, the normalized value is computed as:

where x is the original feature value, u is the mean, and o is the standard deviation of
that feature.
Normalization ensures that all features are centered around zero with unit variance,

thereby preventing features with larger scales from dominating the learning process [81].

Gene Annotation Filtering

Genes that do not conform to the Human Genome Organization (HUGO) nomenclature
were removed. This step ensures consistency in gene identifiers and facilitates biological

interpretability and reproducibility when comparing results with existing literature and
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databases [82].

Mutation Significance Analysis

To identify biologically relevant features, the MutSigCV algorithm was employed [83].
MutSigCV estimates the background mutation rate while accounting for gene-specific co-
variates, thereby enabling the identification of significantly mutated genes.

Genes with statistical significance defined by p < 0.05 and a false discovery rate (FDR)
below 0.1 were retained. Based on these criteria, 14 significantly mutated genes were
selected and included in the analysis.

This step provides a biologically driven dimensionality reduction, complementing sta-

tistical filtering methods.

Class Imbalance Analysis

The dataset exhibits a clear class imbalance, with 89 pre-menopausal samples and 255

post-menopausal samples. Figure 3.2 illustrates this distribution.

TCGA breast cancer (BRCA) Class Distribution

300

255

250
200
150
100 89
.
0

Pre-menopause Post-menopause

Figure 3.2: Distribution of samples across pre-menopausal and
post-menopausal classes.

This imbalance can bias machine learning models towards the majority class, leading
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to poor predictive performance in the minority class [84]. This motivates the use of data
balancing techniques, which are addressed in subsequent chapters.

Table 3.1 summarizes the dimensionality of the dataset before and after preprocessing.

Table 3.1: Summary of feature dimensionality across omics datasets.

Omics Type Initial Features After Filtering
Gene Expression (GE) ~39,000 ~16,000
DNA Methylation (DM) High-dimensional Filtered (post-normalization)

Copy Number Alteration (CNA) High-dimensional Filtered (post-normalization)

3.2 The Linear Model Workflow

The various types of data and the proposed method are depicted in Figure 3.3. It starts by
converting data to lower dimensions, then merging the converted data, generating synthetic
samples, and finally building a classification model to predict the status of menopause

among breast cancer patients.

Pre-
Menopause

DNA
Methylation [ —>|{ PCA I

10-Cross
CNA — —»| PCA —> —»| SMOTE Valid

Classification
Post-

I Menopause
Gene =— —>» PCA

Figure 3.3: The workflow of the linear model, where the input is the multi-omics vectors
and the output is the prediction of the menopause status.
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3.3 Principal Component Analysis

The model applies PCA to individual omic datasets to reduce complexities, remove noise,
and identify shared patterns. Subsequently, these transformed components PCA from dif-
ferent omics datasets can be merged, providing a more harmonized representation that
encompasses critical features across various omics layers [85]. This merged representation
can then serve as a more robust foundation for constructing a predictive model, improving
interpretability, reducing overfitting, and enhancing generalization. The combined utiliza-
tion of PCA and omics data integration thus equips us with a powerful means to derive
meaningful insights and make accurate predictions in complex biological contexts [86].
The first step of PCA is to compute the covariance matrix C of the centred data Z. The

covariance between two variables X; and Xj is given by the following:
1 n
COV(XI',XJ') = — Z (Z,'k - Zl') (ij - Zj) (31)
n—1 e

Therein:

* nis the number of observations (data points),
e Z: 18 the value of variable i at observation k,
* Z; is the mean of variable i.

The data matrix is defined as Z € R™*”, where n is the number of samples and p is the
number of features. Then, the model sorts the eigenvalues in decreasing order and chooses

the top-k eigenvectors (principal components) corresponding to the largest eigenvalues. The

41



last step is to project the centered data Z onto the new basis formed by the selected principal
components. The covariance covered in the PCA was 0.95, and the transformed data Y is
obtained by the following:

Y=ZxV (3.2)
Therein, we then have the following:

 V is the matrix containing the selected eigenvectors as columns.

3.4 Synthetic Minority Over-sampling Technique (SMOTE)

SMOTE is a widely used up-sampling technique for handling imbalanced datasets by gen-
erating synthetic samples for the minority class. The method operates by selecting a
minority-class sample and interpolating new samples along the line segments connecting it

to its nearest minority neighbors. A synthetic sample is generated as follows:

Xnew =X + A(x; —x;), A€[0,1] (3.3)

where x; and x; are neighboring minority-class samples and A is a randomly selected scalar.
In this way, SMOTE increases the representation of the minority class while preserving the
local structure of the data distribution [7].

As shown in Figure 3.4(B), SMOTE generates synthetic samples mainly within dense
regions of the minority-class distribution. This results in a relatively compact synthetic
sample distribution, where the generated points remain close to the original observations.

Such behaviour is desirable in applications where preserving the observed structure of the
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data is important.

3.5 Adaptive Synthetic (ADASYN)

ADASYN is an adaptive synthetic sampling method that also addresses class imbalance by
generating minority-class samples, but unlike SMOTE, it allocates more synthetic samples
to regions that are harder to learn [8]. In particular, ADASYN focuses on minority samples
located in sparse regions or near the class boundary, thereby adapting sample generation
according to local data complexity.

As illustrated in Figure 3.4(C), ADASYN produces a wider spread of synthetic samples,
especially in low-density areas and near class boundaries. This behaviour may improve the
representation of difficult regions; however, it also introduces potential uncertainty regarding
the reliability of synthetic samples generated in weakly supported areas, particularly when

the original minority class is itself sparsely distributed.

3.6 Comparison Between SMOTE and ADASYN

A direct comparison between SMOTE and ADASYN highlights an important difference
in how each method expands the minority class. Figure 3.4(A) shows the original sample
distribution projected onto the first two principal components, where the minority class is
visibly underrepresented. After up-sampling, Figure 3.4(B) shows that SMOTE generates
synthetic samples primarily within existing minority-class clusters, preserving local density
and structural coherence. In contrast, Figure 3.4(C) shows that ADASYN produces more

synthetic samples in sparse regions and near class boundaries, leading to a broader and more
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dispersed distribution.

To further compare the similarity of the generated samples to the original minority-class
distribution, a Kolmogorov—Smirnov test [87] was performed on the first two principal
components (PCA1 and PCA?2). The first test compared the SMOTE synthetic samples with
the original minority-class samples, while the second test compared the ADASYN synthetic
samples with the same original minority-class samples.

The resulting p-values for the SMOTE comparison were [PCA1 = 0.9999, PCA2 =
0.9999], whereas the corresponding values for ADASYN were [PCA1 = 0.9895, PCA2 =
0.9539]. Although both tests produced statistically insignificant results, indicating no strong
evidence of distributional difference, the consistently higher p-values obtained for SMOTE
suggest a closer empirical alignment with the original minority-class distribution under the
current dataset conditions.

Overall, both SMOTE and ADASYN effectively mitigate class imbalance; however,
SMOTE demonstrates stronger consistency with the observed minority-class structure in
this study. Within the linear resampling framework, this makes SMOTE the more suitable

method when preserving distributional fidelity is a primary concern.
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Figure 3.4: Class distribution scatter plots based on the first and second principal
components: (A) original samples, (B) samples after up-sampling using SMOTE, and (C)
samples after up-sampling using ADASYN.
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3.7 Classification Models

The model combines the reduced data set from all omics into one data set labeled with 0
for pre-menopause samples and 1 for post-menopause samples. Three standard machine
learning classifiers were applied to compare and select the appropriate method that works
with the reduced representation of various types of omics data, including Naive Bayes,

Random Forest, and Support Vector Machine (SVM) with a Gaussian kernel.

3.7.1 Naive Bayes Classifier

The Naive Bayes classifier is a fundamental implementation of the Bayesian classifier.
Despite its simplistic assumptions, such as feature independence given the class, Naive
Bayes often demonstrates impressive performance across various tasks. Given a dataset
with features X = xq, x2, ..., xn and a set of classes C = cy, ¢3, ..., cm, the Naive Bayes

classifier computes the posterior probability of each class given the features using Bayes’

theorem:

P(ci | x1,x2,...,Xm n P(xjlci)) (3.4)
j=1
Therein, we have the following:

* P(cj) is the prior probability of class c;.

* P(xj | ¢j) is the likelihood of feature x; given class c;.

Due to its computational simplicity and ability to handle high-dimensional data, Naive
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Bayes remains a popular choice for general classification, especially where efficiency and

interpretability are crucial [88].

3.7.2 Random Forest Classifier

The Random Forest classifier is a prominent ensemble learning method that has gained
substantial attention in various machine learning applications. By aggregating the predic-
tions of multiple decision trees, this approach provides enhanced accuracy, robustness, and
flexibility.

Given an ensemble of T decision trees, denoted by {41, k2, . .., hr}, each tree produces
a predicted class label for an input instance x. The final predicted class label C(x) is

determined through majority voting as follows:

T
C(x) = arg max Zl 5 (¢, h(x)) (3.5)
Therein, we have the following:

e T is the total number of decision trees in the ensemble.

h;(x) is the class label predicted by the 7-th decision tree for input instance X.

* C is the set of possible class labels.

d(a, b) is the Kronecker delta function, which equals 1 if @ = b and 0 otherwise [89].
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3.7.3 Support Vector Machine

The SVM is a supervised learning model used for classification and regression tasks [90]. It
aims to find an optimal separating hyperplane that maximizes the margin between classes.
The margin is defined as the distance between the decision boundary and the closest data
points from each class, known as support vectors [91].

In high-dimensional and nonlinear settings, SVM leverages kernel functions to project
the data into a higher-dimensional feature space where linear separation becomes feasible.
In this work, the Gaussian RBF kernel is employed.

The decision function of SVM is given by:

f(x) = Zn: @;yiK(x,X;) + b (3.6)
i=1
Therein, we have the following:
* f(x) is the decision function.
* ; are the Lagrange multipliers associated with the support vectors.

* x; is the i-th training input vector.

yi € {—1, +1} is the class label of the i-th instance.

K (x, x;) is the kernel function measuring similarity between x and x;.

b 1s the bias term.
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The predicted class label is determined as:

¥ = sign(f(x)) (3.7)

The Gaussian RBF kernel is defined as:

K(x,x) = exp (=llx - xi|?) (3:8)
Therein, we have the following:
* exp(-) is the exponential function.

* v > 01is a hyperparameter controlling the width of the kernel and the smoothness of

the decision boundary.

e |lx — x;])? is the squared Euclidean distance between x and x;.

3.8 Results and Experiments

This section presents the experimental setup, evaluation metrics, and results obtained from

the proposed classification framework.

3.8.1 Running Environment

The experiments were conducted on a Microsoft Azure virtual machine (Standard_F4s_v?2).
This instance belongs to the compute-optimized F-series and is configured with 4 virtual

CPUs (vCPUs), 8 GB of RAM, and supports premium SSD-based storage, making it suitable
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for CPU-based machine learning workloads and moderate-scale data processing tasks. The

coding and execution environment was implemented using Jupyter Notebook.

3.8.2 Evaluation Metrics

The three classification models were evaluated using 10-fold cross-validation to ensure
robust estimation of generalization performance. To assess the models from multiple per-
spectives, several standard evaluation metrics were employed, all derived from the confusion
matrix.

In this context, true positives (7 P) denote correctly predicted positive instances, true
negatives (T'N) denote correctly predicted negative instances, false positives (F P) represent
negative instances incorrectly classified as positive, and false negatives (FN) represent
positive instances incorrectly classified as negative.

The evaluation metrics are defined as follows:

TP
Precision = — (3.9)
TP+ FP
TP
Recall = —— (3.10)
TP+ FN

Precision x Recall
Fl-score = 2 . ———o10n 7 2cca 3.11)
Precision + Recall

Accurac IP+TN (3.12)
u = .
Y= TP+TN+FP+FN
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1
AUROC = / TPR(FPR) d(FPR) (3.13)
0

where the true positive rate (TPR) and false positive rate (FPR) are defined as:

TP FP

TPR = ——+—, FPR= ——+—
TP+ FN FP+TN

(3.14)

Precision measures the proportion of correctly predicted positive instances among all
predicted positives, while recall quantifies the ability of the model to identify actual pos-
itive instances. The F1-score provides a harmonic balance between precision and recall,
particularly useful when there is an uneven class distribution. Accuracy reflects the overall
proportion of correctly classified instances but may be misleading in imbalanced datasets.
Therefore, Area Under the Receiver Operating Characteristic (AUROC) is additionally used
as a threshold-independent metric to evaluate the model’s ability to discriminate between

classes across all possible decision thresholds.

3.8.3 Hyper-parameters Settings

The hyper-parameters of the SVM-RBF classifier were configured with a kernel coeflicient
v = 0.02, while the regularization parameter C was retained at its default value of 1. For
the Random Forest classifier, the number of trees was set to 1,000 to ensure stable ensemble
estimates, and the number of features considered at each split was defined as log, (m), where
m denotes the total number of input features. The Naive Bayes classifier was implemented

using the default settings provided in the scikit-learn library.
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3.8.4 Results

Table 3.2 presents the classification performance of Naive Bayes, Random Forest, and
SVM-RBF across multiple evaluation metrics, including accuracy and AUROC. Among the
evaluated models, Random Forest achieved the highest AUROC (0.962), indicating superior
discriminative capability across varying classification thresholds. This performance can
be attributed to the ensemble nature of Random Forest, which captures complex nonlinear
relationships and higher-order feature interactions through aggregation of multiple decision
trees. Given the high-dimensional structure of the data, even after dimensionality reduc-
tion via PCA, such flexibility enables Random Forest to better model residual nonlinear
dependencies and reduce variance through bootstrap aggregation.

In contrast, the SVM-RBEF classifier achieved the highest accuracy (89.53%), marginally
outperforming Random Forest (88.54%) at a fixed decision threshold. This suggests that
the SVM decision boundary is well-optimized for the dominant class distribution under the
selected hyper-parameters. However, its lower AUROC (0.886) relative to Random Forest
indicates reduced ranking performance across thresholds. This discrepancy highlights a
key distinction between threshold-dependent and threshold-independent metrics: while
accuracy reflects performance at a single operating point, AUROC captures the model’s
overall ability to separate classes. The results suggest that Random Forest provides more
robust classification performance in settings where class distributions are imbalanced or
decision thresholds may vary.

Naive Bayes exhibited the weakest performance across all evaluation metrics. This out-

come is consistent with its strong assumption of conditional independence among features,
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whereby the joint likelihood is factorized as the product of individual feature likelihoods
given the class label. In high-dimensional biological datasets, such as the one considered in
this study, features often exhibit substantial interdependencies due to underlying biological
processes and regulatory mechanisms. Even after applying PCA, which primarily removes
linear correlations, nonlinear dependencies may persist. As a result, the independence
assumption is violated, leading to model misspecification. Consequently, correlated fea-
tures are effectively double-counted, producing biased posterior probability estimates and
limiting the model’s ability to capture the true decision boundary.

From a bias-variance perspective, Naive Bayes is characterized by high bias and low
variance, which results in underfitting when feature dependencies play a significant role in
class discrimination. In contrast, SVM-RBF provides a balance between bias and variance
through its kernel-based nonlinear mapping, while Random Forest reduces variance through
ensemble averaging without substantially increasing bias. This balance enables Random
Forest to achieve better generalization performance in complex, high-dimensional settings.

Overall, the results demonstrate that models capable of capturing nonlinear relationships
and feature interactions-such as Random Forest and SVM-RBF are better suited for this
classification task. The observed performance differences further emphasize the importance
of aligning model assumptions with the statistical properties of the data, particularly in

domains characterized by high dimensionality and feature dependency.
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Table 3.2: Performance measurements of the three classification models on the breast cancer
multi-omics dataset.

Model Precision Recall F1 Measure AUCROC Accuracy
Naive Bayes 0.7614  0.788 0.775 0.816 72.98%
Random Forest ~ 0.914 0.886 0.900 0.962 88.45%
SVM-RBF 0.919 0.894 0.907 0.886 89.14%

3.9 Gene Expression Feature Importance Validation

To quantify the contribution of individual gene expression features to the classification
model, the techniques Explainable Artificial Intelligence (XAI), specifically the SHAP
method [92] was applied, in conjunction with the XGBoost model [93]. SHAP is a model-
agnostic interpretability framework grounded in cooperative game theory, which assigns
each feature a contribution score reflecting its impact on the model’s prediction.

In this context, the values of SHAP provide a local explanation for each prediction
by quantifying how much each gene expression characteristic increases or decreases the
predicted outcome relative to a baseline. A positive SHAP value indicates that the feature
contributes toward predicting a particular class (e.g., post-menopause), whereas a negative
value indicates a contribution toward the opposite class. The magnitude of the SHAP value
reflects the strength of this contribution.

The SHAP values ¢;( f) for feature i are formally defined as:
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() = ISI!(INT = |S] = 1)! .
%(f)—sg\:{i} T [F(SULi}) = £(S)] (3.15)

where:

* N represents the set of all features,

» S is a subset of features excluding feature i,

|S| denotes the cardinality of S,

f(S) represents the prediction of the model using only features in S.

This formulation ensures that feature contributions are fairly attributed by considering
all possible feature combinations. In practice, SHAP enables both local interpretability (for
individual predictions) and global interpretability (through aggregation between samples),
allowing the identification of the most influential gene expression features in distinguishing
between pre-menopause and post-menopause breast cancer samples.

To compute SHAP values, the XGBoost model was utilized, which is an ensemble of

decision trees. The prediction for a sample i is given by:

K
9= wk(x). wxee (3.16)
k=1
where:
¢ K is the number of trees in the ensemble,

* Y represents an individual decision tree.
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The combination of SHAP with XGBoost is particularly effective due to the Tree-
SHAP algorithm [94], which enables efficient and exact computation of the contribution
of characteristics for tree-based models. This allows for scalable interpretation even in
high-dimensional multi-omics datasets.

In general, this approach provides a robust framework for interpreting complex nonlinear
models and facilitates the identification of biologically significant gene expression patterns

associated with menopausal status in breast cancer.

3.9.1 Feature Importance Analysis Results

SHAP Waterfall Plot for the First Prediction
fix) =1.001

0104 = MAP3KL

0.017 = CDKN1B “
0.12 = MAP2K4 +0.02
0.187 = GATA3 —0.02

ERBB2

02
0.008 = CDH1 . +0.02
0.675 = FOXAl . +0.01
5 other features

"0.75
E[f(X)] =0.741

+0.02

Figure 3.5: SHAP waterfall plot illustrating the contribution of individual gene expression
features to the XGBoost prediction for a representative sample.

To show the importance of gene expression values, the SHAP model was utilized in
XGBoost to determine the most discriminative genes. Figure 3.5 shows how individual gene
expression features contributed to the prediction of the model for a representative sample.

The results suggest that RUNXI, PTEN, MAP3K1, and CDH1 significantly distinguished

55



the two classes.
This visualization represents a local explanation for a single sample, illustrating how

feature contributions combine to produce the final prediction.

3.9.2 Kaplan-Meier Survival Results

The Kaplan—Meier estimator is a nonparametric method that is widely used for estimating
the survival function from time-to-event data. The survival function, denoted as S(7),
represents the probability that the death event occurs after a specified time ¢. The estimator
is calculated based on the observed survival times in a given dataset. Let n be the number
of individuals in the sample, d be the number of observed events, and 7y,12,...%;,1; be
the observed event times. The Kaplan—Meier estimator at time ¢ is given by the following

formula:

j 4
S(t) = ]—[ (1 - n—) (3.17)

i=1 !

Therein, we have the following:
 j represents the distinct event times.
* d; is the number of events at time ¢;.
* n; is the number of individuals at risk just before time ¢;.

The product is taken over all event times #; less than or equal to z. This estimator allows
us to visualize and analyze survival curves over time, thereby providing valuable insights

into the probability of survival at different time points in a study [95].
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3.9.3 Survival Analysis Results

The Kaplan-Meier survival curves for the pre-menopause and post-menopause cohorts
(Figure 3.6) show a higher survival probability for the pre-menopause class throughout the
follow-up period. The clear separation between the two curves is supported by the log-
rank test (p < 0.05), confirming that the identified multi-omics signatures are statistically

significant predictors of patient survival.
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Figure 3.6: Kaplan—Meier survival curve for (a) pre-menopause breast cancer cohort and
(b) post-menopause breast cancer cohort.

In particular, the post-menopause (high-risk) group exhibits a steeper decline in survival
probability during the initial 24 months, suggesting that integrated features are particularly
effective in capturing early-stage aggressive disease progression. In contrast, the plateau
observed in the pre-menopause curve (low-risk) indicates a subset of patients with sustained
long-term survival, likely characterized by the absence of specific copy number variations
and methylation patterns identified as "critical" by the SHAP analysis. This visual divergence
reinforces the utility of the model in clinical stratification, providing a potential window for

clinicians to implement more aggressive therapeutic interventions for patients who fall into

57



the high-risk quadrant at the time of diagnosis.

3.9.4 Pathway and Functional Enrichment Results

By running GO enrichment analysis using ShinyGO [96] on the selected genes, many of
these genes were confirmed to be related to various types of cancer, as seen in Figure
3.7. It can be noticed in Figure 3.7 that the “ErbB signaling pathway” had the highest
fold enrichment score. KEGG pathway [97] analysis was applied to the selected genes to

visualize the ErbB signaling pathway as shown in Figure 3.8.
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Figure 3.7: GO enrichment analysis of the selected genes, showing fold enrichment scores
on the x-axis and biomedical terms on the y-axis.

3.10 Validation of Differential Gene Expression Using Raw

TCGA Data

To further support the findings obtained from the proposed nonlinear framework, an addi-

tional analysis was conducted directly on the raw TCGA gene expression data. The purpose
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Figure 3.8: KEGG pathway analysis for ErbB signalling rendered by Pathview, with
selected genes highlighted in red.

of this experiment was to examine whether the differences observed between the two clin-
ical groups are also visible in the original expression space, without relying on the latent
representation produced by the autoencoder or on any synthetic samples generated during
the augmentation stage. In this way, the analysis serves as a complementary confirmation
that the observed class separation is grounded in the biological signal present in the raw
data.

A subset of fourteen genes was selected for this experiment based on their biological
relevance and their importance in the earlier analyses. The raw mRNA expression file
obtained from the TCGA portal was used directly, and the samples were divided into two
groups according to menopausal status. For each gene, the distribution of expression values

was compared between the pre-menopausal and post-menopausal groups. Because gene
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expression data frequently deviates from normality and may contain skewness and outliers,
the Mann-Whitney U test was employed to assess whether the difference in expression
between the two groups was statistically significant.

Figure 3.9 presents the boxplot-based comparison of the fourteen selected genes across
the two clinical groups. For each gene, two adjacent boxplots are shown, representing the
pre-menopausal and post-menopausal samples, respectively. The boxplots summarize the
median, interquartile range, dispersion, and outlier structure of the expression values. In
addition, the corresponding p-value from the Mann—Whitney U test is displayed above each
gene, and significance is indicated using the standard notation of one star for p < 0.05, two

stars for p < 0.01, and three stars for p < 0.001.

Gene expression comparison between pre- and post-menopausal groups

N Pre-menopause ok ok
L Post-menopause p=9.19e-01 p=6.26e-01 p=7.83e-01 p=7.95e-01 p=4.51e-01 p=4.32e-01 p=1.36e-01 p=1.28e-05 p=4.03e-09 p=3.35e-01 p=6.05e-01 p=5.53e-02
p=2160.02 — — — — — — — — — — — —

p=8.28¢-01
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& <& & 9
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Significance note: * p < 0.05, ** p < 0.01, *** p < 0.001. Significant genes in this 14-gene panel: CDH1, PTEN, RUNX1.

Figure 3.9: Boxplot comparison of raw TCGA gene expression values for fourteen selected
genes across pre-menopausal and post-menopausal groups. For each gene, the p-value
from the Mann-Whitney U test is shown above the corresponding pair of boxplots, and
statistical significance is indicated using star notation. Significant differences were observed
for CDHI, PTEN, and RUNX]I, whereas the remaining genes showed substantial overlap
between the two groups.

The results indicate that only a subset of the fourteen genes exhibits statistically sig-

nificant differences between the two menopausal groups. Among all genes, RUNXI shows
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the strongest separation, with a highly significant difference between the two groups. This
behaviour is visually evident in the boxplots, where the distribution of expression values
is shifted more clearly than in the majority of the remaining genes. Similarly, PTEN also
demonstrates a strong statistically significant difference, indicating that its expression profile
varies meaningfully between the pre-menopausal and post-menopausal samples.

The gene CDH1 also shows a statistically significant difference, although its separation
is weaker than that of RUNXI and PTEN. Its boxplots suggest a moderate shift in expression
between the two groups, which is sufficient to reach significance in the direct comparison
of the raw data. In contrast, genes such as MAP3K1, GATA3, PIK3CA, NCORI, CBFB,
MAP2K4, SF3BI1, and others display substantial overlap between the two distributions.
This overlap suggests that these genes have relatively stable expression profiles across the
two clinical conditions and may contribute less strongly to direct group separation when
considered individually in the raw expression space.

Overall, the boxplot analysis shows that the discriminatory signal is not uniformly
distributed across all genes. Instead, a smaller subset of genes appears to drive the most
evident differences between the two classes, while the remaining genes behave in a more
stable or weakly differentiating manner.

These observations are consistent with the results obtained from the nonlinear approach
presented earlier in this chapter. In particular, the genes that show clearer differences in the
raw expression space, especially RUNXI and PTEN, are in agreement with the broader class
separation observed after nonlinear feature extraction and classification. This consistency is
important because it shows that the proposed model is not creating artificial separation, but

rather is capturing and enhancing biologically meaningful variation that is already present
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in the original TCGA data.

At the same time, the presence of several genes with overlapping expression distributions
reinforces the motivation for employing nonlinear dimensionality reduction and representa-
tion learning. When genes are examined individually, many of them do not provide strong
direct separation between the two classes. However, when these genes are considered jointly
within the nonlinear framework, their combined contribution can still improve class discrim-
ination. Therefore, this raw-data analysis complements the nonlinear results by showing
that while only a subset of genes exhibits individually significant expression changes, the
overall predictive structure emerges more clearly when the multivariate relationships among
genes are modeled through the proposed framework.

This experiment should be interpreted as a supportive analysis based directly on raw
data obtained from the TCGA portal. Its role is not to replace the nonlinear pipeline, but to
provide an additional layer of interpretability and transparency. By showing that selected
genes already demonstrate meaningful differential behaviour in the original expression
space, the analysis strengthens confidence in the validity of the overall modelling framework.
At the same time, the results also illustrate why relying solely on single-gene comparisons
may be insufficient for fully characterizing the distinction between the two menopausal
groups. The proposed nonlinear method remains essential for capturing the more complex

multigene structure underlying the classification task.
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3.11 Discussion

The identified gene expression features demonstrated strong discriminative power in clas-
sifying pre-menopause and post-menopause breast cancer samples, as evidenced by the
SHAP-based feature importance analysis and classification performance results.

The explainable Al analysis highlighted RUNXI, PTEN, MAP3K1, and CDH] as the
most influential features contributing to the classification model. However, the direct
analysis of the raw TCGA gene expression data revealed that not all of these genes exhibit
statistically significant differences when considered individually. In particular, RUNXI and
PTEN demonstrated strong and highly significant differential expression between the two
menopausal groups, while CDHI showed a moderate level of significance. In contrast,
MAP3K]I did not exhibit statistically significant differences in the raw expression space,
despite its importance in the model.

This observation highlights an important distinction between the importance of features
in a multivariate nonlinear model and the univariate statistical significance. Although some
genes may not show strong individual separation, they can still contribute meaningfully to
classification when combined with other features in a nonlinear framework.

Tian et al. reported the ErbB signaling pathway in association with menopausal syn-
drome in their ontological analysis [98]. Pei et al. found a cardiorenal disease connection
during post-menopause involving ErbB signaling pathway genes [99], which motivated the
survival analysis performed on the two cohorts in this study.

Riggio stated that RUNX acts as a tumour suppressor in the early stages of breast cancer,

while acting as a pro-oncogene in the later stages of mammary tumourigenesis [100]. This
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dual behaviour aligns with the strong differential expression observed in this study. While
Zhang et al. reported no significant correlation between RUNX expression and menopause
status, the results presented here suggest that RUNXI may still play a discriminative role
when considered within a broader multigene context. Similarly, PTEN remains a critical
gene in tumourigenesis and prognosis of breast cancer [101], consistent with its strong
significance in both the model and the analysis of raw data.

Rebbeck et al. reported that MAP3KI influences breast cancer susceptibility through
interactions with hormone exposure [102]. Although MAP3KI did not show significant
individual expression differences in this study, its contribution to the model suggests that its
role may be context-dependent and mediated through interactions with other genes. Post-
menopausal women with a higher histological grade and PR-negative tumours exhibited
increased methylation of the CDH1 promoter [103], which is consistent with the moderate
differential expression observed for CDH1.

In future research, expanding the proposed framework to include additional omics data
types, including proteomics and metabolomics, can provide a more holistic understanding
of the molecular landscape associated with menopausal status in breast cancer. PCA-based
reduction may assist in integrating metabolomic and proteomic measurements into a unified
representation. Investigating longitudinal menopausal transitions and incorporating clinical
variables such as hormone receptor status and treatment history can further improve the
interpretability and clinical relevance of identified biomarkers.

The status of hormone receptors can be investigated by studying the resulting folded
enrichment pathways in Figure 3.7, and the treatment history can be incorporated as an

additional label along with the menopausal status.
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Although multi-omics datasets specific for menopausal breast cancer remain limited,
advances in sequencing technologies are expected to provide richer datasets for future vali-
dation. Additionally, Pearson correlation analysis across genes in each omic layer has been
included in the Supplementary Materials (Figures S1-S3). The crosstalk between omics

layers remains a limitation and can be further explored using network-based approaches.

3.12 Conclusions

This work proposed a multi-omics based machine learning pipeline to classify menopausal
status in breast cancer patients. The study aimed to identify biomarkers that reflect the
molecular differences between pre-menopausal and post-menopausal conditions using gene
expression, copy number alteration (CNA), and DNA methylation data.

To address class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE)
was employed, enabling improved model training and generalization. Among the evalu-
ated classifiers, Random Forest achieved the highest AUCROC (0.962), while SVM-RBF
demonstrated the highest accuracy (89.53%).

The SHAP-based explainable Al analysis identified RUNXI, PTEN, MAP3KI, and
CDHI as the most influential features in distinguishing menopausal status. However,
further validation using raw TCGA gene expression data demonstrated that only a subset of
these genes exhibits statistically significant individual differences. In particular, RUNXI and
PTEN showed strong and consistent differential expression, while CDHI showed moderate
significance and MAP3K1 did not exhibit significant individual separation.

These findings emphasize that while some biomarkers are directly observable in the raw
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data, others contribute to classification performance through complex multivariate interac-
tions captured by the nonlinear framework. This highlights the importance of combining
statistical analysis with machine learning and explainable Al techniques.

Pathway analysis revealed associations with key cancer-related pathways, including the
ErbB signaling pathway, which has been linked to menopausal syndrome and cardiorenal
disease. Furthermore, survival analysis demonstrated significant differences between the
two groups, supporting the hypothesis that pre-menopausal and post-menopausal breast
cancer represent biologically distinct conditions.

Overall, the integration of multi-omics data with advanced machine learning and ex-
plainable AI provides a robust and interpretable framework for identifying meaningful

biomarkers in complex biomedical datasets.
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Chapter 4

Nonlinear Representation Learning Us-
ing Autoencoders and Generative Mod-

elling for Imbalanced Multi-Omics Data

4.1 Introduction

In Chapter 3, PCA was employed as a linear dimensionality reduction technique to address
the high dimensionality of multi-omics data. While PCA provides an efficient projection
into a lower-dimensional space, it is inherently limited to linear transformations and may fail
to capture the complex nonlinear relationships that exist across biological data modalities
such as gene expression, DNA methylation, and CNA.

To overcome these limitations, this chapter introduces autoencoders as a nonlinear rep-

resentation learning framework. Autoencoders are neural network-based models capable
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of learning compact and informative latent representations of high-dimensional data by
capturing nonlinear dependencies. This makes them particularly suitable for multi-omics
integration, where interactions between features are often complex and nonlinearly corre-
lated.

The primary objective of this chapter is to construct a shared latent representation of
multi-omics data using autoencoders, which will later serve as the foundation for addressing

class imbalance using generative models.

4.2 Materials and Methods

In addition to the BRCA dataset used in the linear modelling experiments, a second dataset
corresponding to bladder cancer (BLCA) was introduced in the nonlinear generative mod-
elling stage. This inclusion allows for evaluating the generalizability of the proposed frame-
work across different cancer types. The same preprocessing pipeline described in Section 3.1
(Chapter 3) was applied to ensure consistency and comparability across datasets.

A schematic representation of the proposed model is provided in Figure 4.1, with further

details explained below as follows.

4.2.1 Materials

The proposed model was applied to two publicly available datasets. The first is a CTGAN
BRCA dataset, which contains DNA methylation, CNA, and gene expression data [104, 105]
to predict the meno-pausal status (pre- versus post-). The second is a CTGAN BLCA dataset,

which contains DNA methylation, CNA, and microRNA (miRNA) [106] to predict the TMB
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Figure 4.1: The workflow of the proposed model.

level (low- versus high-). From the distribution of the classes, as seen in Table 4.1, it shows

that both datasets suffer from class-imbalance.

Table 4.1: Metadata summary of the datasets used in this study.

Dataset

Omics Data Types

Class Distribution

TCGA Breast Cancer

(BRCA)

DNA methylation, gene expression

Pre-menopause: 89

Post-menopause: 255

TCGA Bladder Cancer

(BLCA)

DNA methylation, mRNA expres-

sion

Low-TMB: 297

High-TMB: 107
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4.3 Autoencoder Architecture

An autoencoder is a neural network composed of two main components: an encoder
and a decoder. The encoder compresses the input data into a lower-dimensional latent
representation, while the decoder reconstructs the original input from this compressed

representation.

4.3.1 Encoder

The encoder is responsible for mapping the input data into a latent space. The overall archi-
tecture of the autoencoder, including the encoder, latent space, and decoder components, is

illustrated in Figure 4.2.

Encoder Decoder
A Latent P N

Input
X

Output
B

(Reconstructed
Data)

(Original
Data)

Maps input data to a
compact latent representation

Low-dimensional Reconstructs the input data
latent representation from the latent representation

Fully Connected

O Encoder Neurons O Latent Neurons O Decoder Neurons — Data Flow T Weights

Figure 4.2: Autoencoder architecture illustrating the encoder-decoder structure. The en-
coder maps the input data into a compact latent representation, while the decoder reconstructs
the original input from this representation. The neural network layers highlight the nonlinear
transformation and compression process.
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It is implemented as a dense neural network layer with a Rectified Linear Unit (ReLLU)

activation function. The mathematical formulation of the encoder is given by:

h = fencoder(X) = ¢(Wix + by), 4.1)

where x represents the input data, 4 is the latent representation, W and b denote the
weights and biases of the encoder, respectively, and ¢(x) = max(0, x) is the ReLU activation

function.

4.3.2 Decoder

The decoder reconstructs the original input from the latent representation. It is implemented

as a dense neural network layer with a sigmoid activation function:

X = fdecoder(h) = O-(WZh + bz), 4.2)

where x’ is the reconstructed input, and W, and b, represent the decoder parameters.

4.3.3 Training Objective

The autoencoder is trained to minimize the reconstruction error between the input and its

reconstruction. In this work, the Mean Squared Error (MSE) is used as the loss function:

N
L(x,X) = % D xi =X, (4.3)

i=1

where N is the number of samples in the batch.
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During training, the parameters (Wi, by, W, b,) are optimized to minimize this loss,
enabling the model to learn a compressed representation that preserves the essential structure

of the input data.

4.3.4 Latent Space Representation

After training, the encoder component of the autoencoder generates latent representations
of the input data. It is important to emphasize that the latent space used in this work is
derived from the encoder output 4, rather than the reconstructed output x’.

This distinction is critical, as the encoder output captures the compressed feature rep-
resentation, while the reconstructed output reflects the model’s attempt to reproduce the
original input. Using the encoder output ensures that the learned representation retains
meaningful structural information suitable for downstream tasks such as data augmentation
and classification.

A separate autoencoder is trained for each omics data type, and the resulting latent
representations are concatenated to form a unified shared latent space. This integrated
representation enables the model to capture complementary information across multiple

biological data sources.

4.4 Generative Models

This section presents generative modelling techniques for addressing class imbalance in
multi-omics data. Building upon the latent representations learned via AE, GAN and CT-

GAN are introduced to generate synthetic samples and improve classification performance.
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Generative Adversarial Networks (GAN)

GAN was utilized to up-sample the minor class from the shared latent space samples. A
GAN consists of two competing neural networks: a generator and a discriminator. The
generator G maps random noise z sampled from a prior distribution p.(z) to synthetic
samples x:

1 =G(2).

and a discriminator D takes a sample x and outputs a probability D(x) indicating the
likelihood that x is a real sample. The generator network was constructed by first initializing

a sequential model, that consists of

* Dense layer with 128 neurons.

* A ReL.U activation function, which helps the model learn complex patterns in the data

by allowing it to model non-linear relationships.

* Dense layer with a specific output dimension and a Sigmoid activation function is

added to produce the final output, which generates synthetic samples.

A discriminator network was constructed using a sequential model, which consists of:

* Dense layer with 128 neurons and ReLLU activation function to process the input data.

* Dense layer with a single neuron and Sigmoid activation function is added to classify

the input samples as real or fake.

These networks are key components of the GAN framework, where the generator creates

synthetic samples, and the discriminator tries to differentiate between real and fake data.
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By fostering a competitive learning process, GAN boosts the generator’s ability to produce

alike realistic data. The generator network is defined as follows:

G(z) = o(¢p(Wez + by)), 4.4)

where G (z) represents the synthetic sample generated by the generator, z is the input noise
vector, W, and b, are the weights and biases of the generator’s dense layers, ReLU (¢) is the
Rectified Linear Unit activation function, which is defined as ¢ (x) = max(0, x), helping the
model learn nonlinear patterns, and Sigmoid (o) is the Sigmoid activation function, which
squashes the output values between 0 and 1, suitable for generating data samples. For the
discriminator network,

D(x) =0 (¢(Wyx + by)). 4.5)

The objective of the GAN is to train the generator to produce samples that are indistin-
guishable from real samples and to train the discriminator to distinguish between real and

fake samples. This adversarial training process can be formulated as a minimax game:

mGin max V(D,G) = By pyax) [log D(x)]+

Bz p.([log(1 = D(G(2)))], (4.6)

where E denotes the expectation over real data x and noise z, pgata (x) is the distribution of
real data, and p,(z) is the prior distribution of noise.
Training Process

During training, the discriminator and generator were alternatively updated as the following:
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* Discriminator Training: The discriminator is trained to maximize its ability to dif-
ferentiate between real and fake samples. It was trained on both real samples x and

generated samples X, and its loss is calculated using binary cross-entropy:

Lp = —(log D(x) +1log(1 - D(%))). 4.7)

* Generator Training: The generator is trained to minimize the discriminator’s abil-
ity to distinguish between real and fake samples. Its loss is calculated using the

discriminator’s output when fed with generated samples:
Ls = —-1og(D(G(2))). (4.8)

Convergence in GAN is achieved when the generator produces data that the discriminator
cannot distinguish from real data. This is theoretically when the Jensen—Shannon divergence

between the real data distribution pgu, and the generated data distribution pg is minimized:

1
Djs(pdanllpc) = > (DxL(pdaallM) + Dxr(pclIM)), (4.9)

where M = %( Pdata + PG ), and Dy is the Kullback—Leibler divergence.

Conditional Tabular Generative Adversarial Network (CTGAN)

CTGAN is designed to generate synthetic tabular data by addressing the challenges of

imbalanced data and mixed data types. The generator G maps random noise z and conditional
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vector ¢ sampled from a prior distribution p,.(z) and p.(c) to synthetic samples X: £ =
G(z,c). The discriminator D takes a sample x and outputs a probability D (x) indicating
the likelihood that x is a real sample: [D(x)].

The generator network is constructed by first initializing a sequential model that con-

sists of the following:

* Dense layer with 256 neurons.

A Batch Normalization layer to stabilize and accelerate training.

A Leaky ReLU activation function, which helps the model learn complex patterns in

the data by allowing it to model nonlinear relationships.

* Dense layer with a specific output dimension and a Tanh activation function is added

to produce the final output, which generates synthetic samples.

The discriminator network is constructed using a sequential model, that consists of:

* Dense layer with 256 neurons and Leaky ReLU activation function to process the

input data.

* Dense layer with a single neuron and Sigmoid activation function is added to classify

the input samples as real or fake.

These networks are key components of the CTGAN framework, where the generator
creates synthetic samples and the discriminator tries to differentiate between real and fake
data. By fostering a competitive learning process, CTGAN boosts the generator’s ability to

produce realistic tabular data. The generator network is defined as follows:
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G(z,c) = tanh(¢p(We[z, c] + bg)), (4.10)

where G (z, ¢) represents the synthetic sample generated by the generator, z is the input noise
vector, ¢ is the conditional vector, W, and b, are the weights and biases of the generator’s
dense layers, Leaky ReLLU ¢ is the Leaky Rectified Linear Unit activation function, which is
defined as ¢(x) = max(a.x,x), helping the model learn nonlinear patterns with « is a tiny
number and Tanh(tanh) is the Tanh activation function, which squashes the output values
between -1 and 1, suitable for generating data samples.

For the discriminator network,

D(x) =c(¢(Wax + by)). (4.11)

The objective of the CTGAN is to train the generator to produce samples that are
indistinguishable from real samples and to train the discriminator to distinguish between real

and fake samples. This adversarial training process can be formulated as a minimax game:

mGin max V(D,G) = By pyax) [log D(x)]+

EZNPZ(Z)’CNpC(C) [log(l - D(G(Z’ C)))]’ (412)

where E denotes the expectation over real data x, noise z, and conditional vector ¢, pgata(x)
is the distribution of real data, p.(z) is the prior distribution of noise, and p.(c) is the prior
distribution of the conditional vector.

Training Process
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During training, the discriminator and generator are alternatively updated as the following:

* Discriminator Training: The discriminator is trained to maximize its ability to dif-
ferentiate between real and fake samples. It is trained on both real samples x and

generated samples X, and its loss is calculated using binary cross-entropy:

LD = —(log D(x) +log(1 — D(%))). (4.13)

* Generator Training: The generator is trained to minimize the discriminator’s abil-
ity to distinguish between real and fake samples. Its loss is calculated using the

discriminator’s output when fed with generated samples:

LG =-1log(D(G(z,¢))). (4.14)

CTGAN address the unique challenges of tabular data using techniques including con-
ditional sampling and balancing utility against disclosure risk. This results in more stable
and efficient convergence compared to traditional GANs. The convergence can be analyzed

using the conditional Jensen—Shannon divergence:

Dss(paaa(x 1)1 PG (x 1 €)) = 3 (Dt (paaax | © | M(x | €)

+DL(pe(x | O I M(x | ) (4.15)

where

M(x1€) = 3 (pasa(x | ©) + pa(x | ©).
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Prediction Model

Firstly, we split the data into training and testing sets using 5-fold cross-validation, which
was also used to construct the prediction model. A neural network was built with two dense
layers. The first has 128 neurons with the ReLLU activation function, and the other has 1
neuron with the Sigmoid activation function. The model utilizes the Adam optimizer [107]
and the binary cross-entropy loss function to optimize accuracy. The model was trained
with parameters specifying 10 training epochs, a batch size of 32, and a validation split
of 0.2. The Sigmoid function returns the probability of the class, which represents the
predicted class. To avoid overfitting and underfitting, the hyper-parameters were optimized,
and training and validation performance were plotted to monitor model performance. Early
stoppage technique was used to stop earlier than the point where the training performance

trends are different than the validation performance of the models.

4.5 Novelty of the Proposed Approach

To the best of our knowledge, this work is the first to systematically apply CTGAN in an
autoencoder-derived latent space for multi-omics data imbalance handling and classification.
Unlike traditional approaches that perform oversampling in the original feature space,
the proposed method leverages nonlinear representation learning to create a structured latent
space, followed by conditional generative modelling to improve class balance.
This integration enables more effective data augmentation while preserving the biolog-

ical relevance of the features.
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4.6 Experimental Setup and Results

The generator and discriminator networks were implemented using fully connected neural
network architectures. The models were trained using the Adam optimizer with binary
cross-entropy loss.

Training was performed on the latent-space representations. Hyper-parameters such as
batch size, number of epochs, and learning rates were tuned empirically.

The model hyper-parameters were empirically optimized to improve performance while
reducing the risk of overfitting or underfitting, as summarized in Table 4.2.

Table 4.2: Models and hyper-parameters used in the experiments.

Model hyper-parameters and Values

Omics Autoencoders epochs: 30; batch size: 64; latent space dimension:
128

GAN and CTGAN epochs: 300; batch size: 500; learning rate (@): 0.01

Prediction Model (Neural hidden layer units: 128; activation function: ReL.U;
Network) dropout rate: 0.2;
output layer units: 1; optimizer: Adam; loss function:
binary cross-entropy;
epochs: 30 (maximum, limited by early stopping);

batch size: 32; early stopping patience: 5

k-Fold Cross-Validation number of splits (7gpiis): 5
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Table 4.3 presents the performance measurements of applying AE with CTGAN and
AE with GAN for the BLCA dataset. The results demonstrate that AE with CTGAN
significantly outperforms AE with GAN across all metrics. AE with CTGAN achieves an
average accuracy of 0.9929, a perfect precision of 1.0000, recall of 0.9846, and an average
Fl-score of 0.9922. In contrast, AE with GAN achieves an average accuracy of 0.88827,
with a precision of 0.85417, recall of 0.75926, and an average F1-score of 0.80392.

Table 4.4 presents the performance measurements of applying AE with CTGAN and AE
with GAN for the BRCA dataset. The results show that both models achieve high accuracy,
withAE with CTGAN demonstrating a better average accuracy of 0.9748 compared to AE
with GAN with accuracy of 0.9509. Both models exhibit perfect precision (1.0000). AE
with CTGAN achieves a recall of 0.9777, while AE with GAN achieves a recall of 0.81481,
suggesting that AE with CTGAN is better at identifying all true positive instances. In terms
of the average F1-score, AE with CTGAN achieves 0.9922, further supporting the superior
performance of AE with CTGAN in capturing both precision and recall.

From both Tables 4.3 and 4.4, the strength of AE with CTGAN in precision in both
cancer outcomes suggests that all predicted positive instances are indeed positive. Generally,
predicting the positive class, often representing adverse events including relapse [108] or
metastasis [109], is a key focus in cancer outcome prediction due to its significant clinical
implications. The overall performance suggests that AE with CTGAN is a more effective

model for generating high-quality synthetic data for the BLCA dataset.
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Table 4.3: Performance measurements for AE with CTGAN and AE with GAN on the
BLCA dataset.

Classifier Average Precision  Recall Average
Accuracy F1-Score

AE with GAN 0.8882 0.8541 0.7592 0.8039

AE with CTGAN  0.9929 1.0000 0.9846 0.9922

Table 4.4: Performance measurements for AE with CTGAN and AE with GAN on the
BRCA dataset.

Classifier Average Precision  Recall Average
Accuracy F1-Score

AE-GAN 0.9509 1.0000 0.8148 0.8979

AE-CTGAN 0.9748 1.0000 0.9777 0.9922

Figure 4.3a and 4.3b show the AUROC curves for applying AE with GAN versus AE
with CTGAN models on both BLCA and BRCA datasets. The comparison shows that
AE with CTGAN curves tend more to the north-west, demonstrates a larger area under
the curve (AUC) across multiple validation folds. This indicates a dominance in better
determining true positive rates while minimizing false positives. Consequently, AE with
CTGAN demonstrates superior performance in distinguishing between classes, making it a
more effective model for both datasets.

To validate the best performing model that is AE with CTGAN, the training versus

validation loss for the model on the BLCA dataset as seen in Figure 4.4b and on the BRCA
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Figure 4.3: Comparison of ROC curves for the BRCA and BLCA datasets.

dataset as seen in Figure 4.4a. The figures show a clear downward trend in both training and
validation loss, which is generally a positive sign. It indicates that the model is learning and
improving its performance over time. The similar trends for both training and validation
curves in both figures rule out overfitting. The gap between the training and validation loss is
relatively small, especially in the initial epochs. This suggests that the model is generalizing
well to unseen data and not overfitting significantly in the early stages.

To evaluate the quality of the synthetic data beyond its predictive utility, we conducted
a comparative fidelity analysis between the standard GAN and the CTGAN. In this context,
fidelity was quantified by calculating the average Euclidean distance between the generated
synthetic samples and their nearest neighbors in the original latent space. A lower Euclidean
distance signifies that the synthetic data points are more representative of the real data
distribution, maintaining the structural integrity of the original multi-omics features.

As shown in Table 4.5, the CTGAN architecture demonstrated a significantly higher
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Figure 4.4: Training and validation loss curves for AE with CTGAN on the BRCA and
BLCA datasets.

degree of fidelity compared to the standard GAN. Specifically, for the BLCA dataset,
CTGAN reduced the average Euclidean distance by approximately 72%. For the BRCA
dataset, the performance gap was even more substantial, with CTGAN achieving a distance
of 0.5013, outperforming the standard GAN by a factor of six.

These findings suggest that the specialized components of CTGAN, such as mode-
specific normalization and the conditional generator are better equipped to navigate the
non-Gaussian and sparse distributions typically found in multi-omics latent representations.
The high fidelity of the CTGAN-generated samples ensures that the synthetic data used
for class balancing is not merely “noise” but a high-quality approximation of the minority
class. This structural similarity to real data provides a robust foundation for the downstream
classifier, explaining the high precision (1.000 for the positive class) achieved in our final

predictive models.
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Table 4.5: Fidelity comparison: average Euclidean distance between real and synthetic
samples in the latent space.

Generative Model BLCA (TMB) BRCA (Menopausal Status)
AE with GAN 3.9600 3.1112
AE with CTGAN 1.0950 0.5013

4.7 Discussion

Figure 4.5 illustrates the analysis of latent space of AE in the BRCA data set, comprising
two components: Figure 4.5A Correlation Heatmap displays pairwise correlations between
45 latent features (indices 0—44) in the bottleneck layer. The color gradient (from —1 to +1)
reveals feature dependencies, where red indicates strong positive correlations, blue indicates
negative correlations, and white denotes independence. Block-like patterns suggest clustered
feature interactions, while sparse correlations imply disentangled representations. Figure
4.5B Feature Importance ranks latent features by their contribution (weight magnitude) to
reconstruction. Dominant features (peaks) encode critical data patterns, while low-weight
features may represent noise or redundant information. This analysis validates the AE’s
ability to compress input data into meaningful, non-redundant latent dimensions.

The proposed model demonstrates superior performance when compared with previ-
ously reported machine learning approaches in the literature. For bladder cancer (BLCA),
the NMF-guided feature selection and genetic algorithm-based framework utilizing a con-

volutional neural network proposed by Al-Ghafer et al. [110] achieved a precision of 0.7789,
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Figure 4.5: Applying AE to the BRCA dataset: (A) Correlation heatmap of latent features
in the AE’s bottleneck layer (scale: —1 to +1). (B) Approximate feature importance ranking
based on weight magnitudes for the extracted latent features.

whereas the proposed model attained a precision of 1.0000. Similarly, for breast cancer
(BRCA), the Support Vector Machine with radial basis function (RBF) kernel trained on
SMOTE-synthesized samples reported by Alghanim et al. [2] achieved a precision of 0.919,
compared to a precision of 1.0000 obtained by the proposed model.

GANSs were initially developed to generate images and other forms of continuous data.
Their architectures and training strategies are often optimized for these types of data [111].
CTGAN is designed to generate synthetic tabular data, an improvement over standard
GANSs [16]. CTGAN typically uses different network architectures for the generator and
discriminator compared to standard GANs. These architectures are often tailored to the
specific characteristics of tabular data, such as the presence of categorical features and the
need to capture complex relationships between variables [16].

Both BLCA and BRCA datasets contain three omics, but applying this model to datasets
with more or fewer omics is not restricted, as each omic will undergo the same workflow be-

fore integration. Meanwhile, AE with CTGAN demonstrated promising results in handling
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multi-omics data by extracting the latent space and generating synthetic data.

Several limitations warrant consideration. First, the interpretability of the model is
limited. Understanding the specific features driving the model’s predictions and gaining
deeper biological insights remains challenging. Secondly, the model’s generalizability
needs further validation. Applying the model to predict various cancer outcomes and other
diseases would provide a more comprehensive assessment of its performance and robustness.
Finally, while the model outperforms previous models in the literature [2, 110], it still needs
rigorous comparisons with deep learning baseline models.

The correlation among the extracted latent space features from the BRCA dataset that
can be seen in Figure 4.5A suggests that most of these features are uncorrelated; however,
some dark-red areas suggest that some of these captured latent space features can be removed
to extract only the unique latent features. While the proposed model works near perfection
on both datasets, the strongly correlated latent features may affect the performance on more
complex data. Addressing these limitations is crucial for future work. Techniques such as
feature importance analysis and model-agnostic interpretation methods could be explored
to enhance interpretability. Additionally, applying the model to diverse cancer datasets with
different characteristics will broaden its applicability and provide valuable insights into its
strengths and weaknesses. Furthermore, the potential of this approach can be explored
beyond the omics data. Investigating its performance on other types of tabular multi-modal

data domains could reveal its broader applicability and extraction power in diverse fields.
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Chapter 5

Conclusion and Future Work

5.1 Overview of the Research

This dissertation addressed two fundamental, intertwined challenges in multi-omics cancer
outcome prediction: the “curse of dimensionality” arising from high-throughput data and
the degradation of model performance due to severe class imbalance. While linear methods
like PCA and traditional oversampling techniques such as SMOTE offer baseline solutions,
they fail to capture the nonlinear biological relationships across omics layers and often
introduce noise when generating synthetic samples.

To overcome these limitations, this work developed and progressively refined a unified
deep learning framework. The final architecture integrates an AE for nonlinear latent
feature extraction with a CTGAN for targeted minority-class augmentation. By shifting
the generative process from the original high-dimensional feature space to the compact,
information-rich latent space, the framework preserves biological fidelity while effectively

rebalancing class distributions. The methodology was rigorously validated on two distinct
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TCGA datasets: breast cancer BRCA for menopausal status prediction and bladder cancer

BLCA for TMB classification.

5.2 Summary of Key Findings and Contributions

This research makes three core contributions that advance multi-omics analysis:

5.2.1 Demonstrating the Effectiveness of Latent-Space Representation
Learning

This work highlights the advantage of learning representations in a latent space derived
from autoencoders when modelling complex multi-omics data. Unlike linear dimension-
ality reduction techniques such as PCA, which rely on orthogonal projections to capture
global variance, the AE framework enables nonlinear transformations that better capture the

underlying structure of the data.

5.2.2 Establishing CTGAN as the Preferred Generative Model for Tab-
ular Omics Data

The systematic comparison between standard GAN and CTGAN revealed that conditional
generation is critical for imbalanced multi-omics data. CTGAN’s ability to target specific
minority classes resulted in near-perfect precision (1.00) for both cancer types, whereas the
standard GAN showed significant recall degradation (e.g., recall dropped to 0.76 for BLCA).

This confirms that unconditional GANs struggle with the sparse, non-Gaussian distributions
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typical of omics data.

Fidelity analysis showed that CTGAN reduced the average Euclidean distance between
real and synthetic samples by up to 84% compared to standard GANS, indicating that latent-
space generation produces structurally authentic samples that do not distort the underlying

biological signal.

5.2.3 Proposing a Generalizable Framework for Cancer Outcome Pre-
diction

The proposed AE-CTGAN pipeline achieved robust performance across two biologically
distinct cancer types and prediction tasks: for BLCA (TMB classification), accuracy reached
0.9929, and for BRCA (menopausal status), accuracy reached 0.9748. This cross-dataset
consistency demonstrates that the framework is not overfitted to a specific cancer type but

captures generalizable principles of multi-omics integration.

5.3 Ciritical Appraisal of Limitations

Despite its strong performance, the framework has several limitations that temper its current

applicability:

* Limited Interpretability: The model operates as a “black box.” While the autoen-
coder compresses data into a latent space, the biological meaning of individual latent
dimensions remains opaque. This hinders the discovery of mechanistic biomarkers, a

key goal of multi-omics research.
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* Computational Cost: Hyperparameter tuning for the combined AE-CTGAN archi-
tecture is computationally intensive. The current implementation requires separate
training of the autoencoder, the CTGAN, and the downstream classifier, which may

limit scalability to datasets with thousands of samples.

* Binary-Only Focus: The current formulation is restricted to binary classification.
Many clinically relevant tasks (e.g., cancer subtyping, grade scoring) involve multiple

classes, which this framework has not yet addressed.

* Validation Scope: Performance was evaluated using cross-validation on TCGA data.
Prospective validation using independent clinical cohorts and wet-lab experiments is

necessary to assess generalizability and rule out hidden batch effects or overfitting.

5.4 Future Research Directions

Addressing the above limitations defines a clear path forward:

* Enhancing Interpretability. Future work should integrate attention mechanisms
or XAI techniques directly into the autoencoder or the generator. For instance,
a transformer-based encoder could provide feature-attention maps, revealing which

original genes contribute most to specific latent dimensions.

* Extending to Multi-Class and Longitudinal Data. The framework can be adapted
for multi-class problems using conditional generators with multiple categorical con-
ditions. Furthermore, extending it to longitudinal omics data (time-series) would

enable modelling of tumour evolution and treatment response.
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* Exploring Advanced Generative Architectures: While CTGAN performs well,
newer generative approaches diffusion models like Denoising Diffusion Probabilistic
Models (DDPM) may offer advantages in sample quality and training stability. A
comparative study between latent-space CTGAN and latent-space diffusion models
would be valuable insight into the effectiveness of alternative generative frameworks

for multi-omics data augmentation.

* Beyond Oncology. The proposed framework is modality-agnostic, requiring only
tabular data with class imbalance. It holds promise for other biomedical domains,
including pharmacogenomics (predicting rare adverse drug reactions), neurodegener-

ative disease profiling (e.g., Alzheimer’s staging), and rare disease diagnosis.

5.5 Final Remarks

This dissertation demonstrates that the strategic integration of nonlinear representation
learning and conditional generative modelling offers a powerful solution to the enduring
challenges of high dimensionality and class imbalance in multi-omics data. The AE-
CTGANSs framework consistently outperforms both linear baselines and standard GANs by
preserving biological fidelity while effectively rebalancing class distributions.

The results demonstrate that latent space enhancement is a powerful paradigm for
handling imbalanced datasets, and the proposed AE-CTGAN framework provides a strong
foundation for future research in this domain. Beyond its technical contributions, this
work provides a practical, scalable pipeline for precision medicine, enabling more accurate

identification of high-risk patient subgroups. The framework achieves average accuracies
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of 0.9929 and 0.9748, recall values of 0.9846 and 0.9777, and an F1-score of 0.9922 on the
bladder and breast cancer datasets, respectively.

A key contribution of our model is the incorporation of CTGAN to generate synthetic
data. Unlike standard GANs, CTGAN leverages conditional generation, enabling it to target
and augment minority-class samples. This capability effectively mitigates class imbalance,
a critical challenge in cancer datasets, and improves recall and F1-score for minority-class
predictions.

Furthermore, our approach focuses on clinically meaningful outcomes such as TMB and
menopausal status, ensuring their relevance and applicability to precision medicine, where
these predicted outcomes can directly support patient stratification and risk assessment. The
model can be used in academic medical centers and research hospitals to analyze multi-
omics data, explore biomarker associations, and evaluate predictive models before clinical
deployment. The model can also be applied to different multi-modal datasets in biomedical
analysis and other fields. This sets our work apart from existing studies that often emphasize
only technical model improvements without addressing specific clinical needs.

Overall, this study shows that combining AE and CTGAN not only addresses class
imbalance and high-dimensional data challenges but also enhances predictive capabilities

in cancer outcome prediction, contributing to the advancement of personalized healthcare.
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Appendix A

Representative Implementation of the Proposed

Framework

This appendix provides representative implementations of the key methods used in this
dissertation, including linear oversampling techniques (SMOTE and ADASYN), standard
GAN, and the proposed CTGAN-based approach. All implementations are presented for
reproducibility. The complete pipeline is based on Python with scikit-learn, TensorFlow/K-
eras, and the Synthetic Data Vault (SDV) library.

A.1 Required Libraries

Listing A.1: Required library imports label

import numpy as np

import pandas as pd

from sklearn.utils import resample

from sklearn.metrics import accuracy_score, roc_auc_score, roc_curve,
auc, confusion_matrix

from sklearn.model_selection import KFold, train_test_split

from sklearn.preprocessing import StandardScaler

import tensorflow as tf

from tensorflow.keras import layers, models
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from tensorflow.keras.callbacks import EarlyStopping

import matplotlib.pyplot as plt

# Imbalanced-learn for SMOTE and ADASYN

from imblearn.over_sampling import SMOTE, ADASYN

# SDV library for CTGAN
'pip install sdv
from sdv.single_table import CTGANSynthesizer

from sdv.metadata import SingleTableMetadata

A.2 Data Loading and Preprocessing

Multi-omics data (gene expression, DNA methylation, and GAN) are loaded from Comma-
Separated Values (CSV) files. Only samples with complete data across all three omics layers

are retained.

Listing A.2: Loading and preprocessing multi-omics data

# Load multi-omics data

rna_data = pd.read_csv('mGE.csv') # Gene expression
dna_data = pd.read_csv('mDM.csv"') # DNA methylation
cna_data = pd.read_csv('mCNA.csv") # Copy number alteration

# Find common sample IDs across all three omics types
common_ids = set(rna_datal['SAMPLE_ID']).intersection(

dna_datal['SAMPLE_ID'], cna_data['SAMPLE_ID']
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# Filter each dataset to include only common samples

rna_data = rna_datalrna_datal['SAMPLE_ID'J.isin(common_ids)]
dna_data = dna_datal[dna_datal['SAMPLE_ID'J].isin(common_ids)]
cna_data = cna_datalcna_data['SAMPLE_ID'].isin(common_ids)]

# Extract feature matrices (exclude the SAMPLE_ID and CLASS columns)

X_train_rna = rna_data.iloc[:, 1:].values
X_train_dna = dna_data.iloc[:, 1:].values
X_train_cna = cna_data.iloc[:, 1:].values

# Extract class labels (assumed to be in the 'CLASS' column of RNA
dataset)

y_train = rna_datal['CLASS'].values

# Optional: Standardize features

scaler = StandardScaler ()

X_train_rna = scaler.fit_transform(X_train_rna)
X_train_dna = scaler.fit_transform(X_train_dna)
X_train_cna = scaler.fit_transform(X_train_cna)

A.3 Autoencoder for Latent Space Extraction

A separate AE is trained for each omics data type. Each autoencoder compresses high-
dimensional features into a 128-dimensional latent representation. This is used as the

foundation for all generative methods (GAN and CTGAN)).
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Listing A.3: Building and training autoencoders

def build_autoencoder (input_dim):
"""Build a simple autoencoder with one hidden layer."”""
model = models.Sequential ()
model.add(layers.Dense (128, activation='relu', input_dim=input_dim))
model .add(layers.Dense(input_dim, activation='sigmoid'))

model.compile (optimizer="'adam', loss='mse')

return model

# Train autoencoder for gene expression data
autoencoder_rna = build_autoencoder(X_train_rna.shapel[1])
autoencoder_rna.fit(X_train_rna, X_train_rna,

epochs=30, batch_size=64, validation_split=0.2,

verbose=0)

# Train autoencoder for DNA methylation data
autoencoder_dna = build_autoencoder (X_train_dna.shapel[1])
autoencoder_dna.fit(X_train_dna, X_train_dna,

epochs=30, batch_size=64, validation_split=0.2,

verbose=0)

# Train autoencoder for CNA data
autoencoder_cna = build_autoencoder (X_train_cna.shape[1])
autoencoder_cna.fit(X_train_cna, X_train_cna,

epochs=30, batch_size=64, validation_split=0.2,

verbose=0)
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# Extract latent space representations (encoder output)

latent_rna = autoencoder_rna.predict(X_train_rna)
latent_dna = autoencoder_dna.predict(X_train_dna)
latent_cna = autoencoder_cna.predict(X_train_cna)

# Concatenate latent spaces from all three omics types
latent_space = np.concatenate((latent_rna, latent_dna, latent_cna),

axis=1)

print(f”"Original feature dimension: {X_train_rna.shapel[1] +
X_train_dna.shape[1] + X_train_cna.shape[1]}")

print(f"Latent space dimension: {latent_space.shapel[1]1}")

A.4 Method 1: SMOTE (Synthetic Minority Over-sampling

Technique)

SMOTE generates synthetic samples by interpolating between existing minority class sam-

ples in the feature space. This method was used in Chapter 3 as a baseline.

Listing A.4: SMOTE implementation

from imblearn.over_sampling import SMOTE

# Apply SMOTE to the latent space (or directly to original features)
smote = SMOTE(random_state=42)

X_smote, y_smote = smote.fit_resample(latent_space, y_train)

print(f"Original class distribution: {np.bincount(y_train)}")

print (f"SMOTE-balanced class distribution: {np.bincount(y_smote)}")
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A.5 Method 2: ADASYN (Adaptive Synthetic Sampling)

ADASYN adaptively generates synthetic samples, focusing more on minority samples that
are harder to learn (those near class boundaries). This method was also evaluated in

Chapter 3.
Listing A.5: ADASYN implementation

from imblearn.over_sampling import ADASYN

# Apply ADASYN to the latent space
adasyn = ADASYN(random_state=42)

X_adasyn, y_adasyn = adasyn.fit_resample(latent_space, y_train)

print(f"Original class distribution: {np.bincount(y_train)}")

print (f"ADASYN-balanced class distribution: {np.bincount(y_adasyn)}")

A.6 Method 3: Standard GAN (Generative Adversarial

Network)

A standard GAN is trained on the minority class samples in the latent space. The generator
creates synthetic samples from random noise, while the discriminator tries to distinguish

real from fake samples. This method was used as a baseline comparison in Chapter 4.

Listing A.6: Standard GAN implementation label

# Automatically determine the minority class
class_counts = np.unique(y_train, return_counts=True)

minority_class = class_counts[@][np.argmin(class_counts[1])]
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# Separate majority and minority class samples in latent space

majority_samples = latent_spacel[y_train != minority_class]

minority_samples = latent_spacel[y_train == minority_class]

# GAN hyper-parameters

latent_dim = 100
batch_size = 64

epochs_gan = 200

# Build generator

def build_generator(latent_dim, output_dim):
model = models.Sequential ()
model .add(layers.Dense (128, input_dim=latent_dim,
activation='relu'))

model.add(layers.Dense (256, activation='relu'))

model .add(layers.Dense(output_dim, activation='sigmoid'))

return model

# Build discriminator

def build_discriminator (input_dim):
model = models.Sequential ()
model.add(layers.Dense (256, input_dim=input_dim,
model.add(layers.Dense (128, activation='relu'))
model .add(layers.Dense (1, activation='sigmoid'))

return model
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# Compile discriminator
discriminator = build_discriminator(minority_samples.shapel[1])
discriminator.compile(optimizer="'adam', loss='binary_crossentropy',

metrics=["'accuracy'])

# Build and compile GAN

def build_gan(generator, discriminator):
discriminator.trainable = False
model = models.Sequential ()
model . add(generator)
model .add(discriminator)

return model

generator = build_generator(latent_dim, minority_samples.shape[1])
gan = build_gan(generator, discriminator)

gan.compile(optimizer="adam', loss='binary_crossentropy')

# Train GAN on minority class
def train_gan(generator, discriminator, gan, minority_samples,
latent_dim, batch_size, epochs):
for epoch in range(epochs):
# Train discriminator
idx = np.random.randint (@, minority_samples.shape[0],
batch_size)
real_samples = minority_samples[idx]

real_labels = np.ones((batch_size, 1))
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noise = np.random.normal(@, 1, (batch_size, latent_dim))
fake_samples = generator.predict(noise, verbose=0)

fake_labels = np.zeros((batch_size, 1))

d_loss_real = discriminator.train_on_batch(real_samples,

real_labels)

d_loss_fake = discriminator.train_on_batch(fake_samples,

fake_labels)

# Train generator
noise = np.random.normal(@, 1, (batch_size, latent_dim))
misleading_labels = np.ones((batch_size, 1))

g_loss = gan.train_on_batch(noise, misleading_labels)

if epoch % 50 == 0:
print(f"Epoch {epoch}: D Loss Real: {d_loss_reall[0Q]:.4f},
f"D Loss Fake: {d_loss_fake[0]:.4f}, G Loss:

{g_loss:.4f}")

return generator

# Train the GAN

generator = train_gan(generator, discriminator, gan, minority_samples,

latent_dim, batch_size, epochs_gan)

# Generate synthetic samples

num_synthetic = len(majority_samples)
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noise = np.random.normal(@, 1, (num_synthetic, latent_dim))

synthetic_samples_gan = generator.predict(noise, verbose=0)

# Combine with original data
augmented_data_gan = np.vstack([latent_space, synthetic_samples_gan])
augmented_labels_gan = np.concatenate ([

np.zeros(len(y_train)),

np.ones(num_synthetic)

D

# Shuffle
shuffle_idx = np.random.permutation(len(augmented_data_gan))
augmented_data_gan = augmented_data_gan[shuffle_idx]

augmented_labels_gan = augmented_labels_gan[shuffle_idx]

print(f"GAN-augmented dataset size: {len(augmented_data_gan)}")

A.7 Method 4: CTGAN (Conditional Tabular GAN) - Pro-

posed Method

The CTGAN is trained on the minority class samples within the learned latent space. Un-
like standard GAN, CTGAN uses conditional generation and mode-specific normalization,

making it more suitable for tabular data. This is the proposed method from Chapter 4.

Listing A.7: CTGAN implementation using SDV library

# Prepare minority class data for CTGAN (as DataFrame)

minority_data_latent = pd.DataFrame(minority_samples)
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# Create metadata for CTGAN
metadata = SingleTableMetadata()

metadata.detect_from_dataframe(data=minority_data_latent)

# Initialize and train CTGAN synthesizer
ctgan = CTGANSynthesizer (
metadata=metadata,
epochs=300, # Number of training epochs

batch_size=500 # Batch size for training

ctgan.fit(minority_data_latent)

# Generate synthetic samples (match the number of majority samples)

num_synthetic_samples = len(majority_samples)

synthetic_data_ctgan = ctgan.sample(num_synthetic_samples)

# Combine original latent space with synthetic samples

augmented_data_ctgan = np.vstack([latent_space, synthetic_data_ctgan])

# Create labels: @ for original samples, 1 for synthetic samples

augmented_labels_ctgan = np.concatenate ([
np.zeros(len(y_train)), # Original samples
np.ones(num_synthetic_samples) # Synthetic samples
D
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# Shuffle the augmented dataset
shuffle_idx = np.random.permutation(len(augmented_data_ctgan))
augmented_data_ctgan = augmented_data_ctgan[shuffle_idx]

augmented_labels_ctgan = augmented_labels_ctgan[shuffle_idx]

print (f"CTGAN-augmented dataset size: {len(augmented_data_ctgan)}")

A.8 Cross-Validation and Neural Network Classification

The augmented datasets (from any method) are evaluated using 5-fold cross-validation. A

simple neural network with dropout is used as the classifier.

Listing A.8: 5-fold cross-validation evaluation function. label

def evaluate_with_cv(augmented_data, augmented_labels, n_folds=5):

nnn

"""Evaluate augmented data using k-fold cross-validation.

kf = KFold(n_splits=n_folds, shuffle=True, random_state=42)

results = {
"accuracy': [1],
"auc_roc': [],
tfprt: [T,
"tpr': [

}

for train_index, test_index in kf.split(augmented_data):
X_train, X_test = augmented_dataltrain_index],
augmented_data[test_index]

y_train, y_test = augmented_labels[train_index],
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augmented_labels[test_index]

# Build classifier

model = models.Sequential ()

model.add(layers.Dense (128,
input_dim=X_train.shape[1]))

model .add(layers.Dropout (0.2))

model .add(layers.Dense (1,

model.compile (optimizer="adam',

metrics=["'accuracy'])

# Early stopping

early_stopping =

# Train
model . fit(X_train, y_train,

validation_split=0.2,

verbose=0)

# Evaluate
y_pred = model.predict(X_test,

y_pred_binary = (y_pred > 0.5).

EarlyStopping(monitor="'val_loss"',

epochs=30,

activation='relu',

activation='sigmoid"'))

loss="'binary_crossentropy',

patience=5,

restore_best_weights=True)

batch_size=32,

callbacks=[early_stopping],

verbose=0)

astype(int)

accuracy = accuracy_score(y_test, y_pred_binary)
auc_roc = roc_auc_score(y_test, y_pred)
fpr, tpr, _ = roc_curve(y_test, y_pred)
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results['accuracy'].append(accuracy)
results['auc_roc'].append(auc_roc)
results['fpr'].append(fpr)

results['tpr'].append(tpr)

# Return average metrics

return {
"accuracy': np.mean(results['accuracy']),
"auc_roc': np.mean(results['auc_roc']),
"accuracy_std': np.std(results['accuracy']),
"auc_roc_std': np.std(results['auc_roc']),

"fpr_list': results['fpr'],

"tpr_list': results['tpr']

# Example: Evaluate CTGAN-augmented data

results_ctgan = evaluate_with_cv(augmented_data_ctgan,

augmented_labels_ctgan)

print (f"CTGAN - Accuracy: {results_ctgan['accuracy']l:.4f} (+/-

{results_ctgan['accuracy_std']J:.4f})")

print (f"CTGAN - AUC-ROC: {results_ctgan['auc_roc']:.4f} (+/-

{results_ctgan['auc_roc_std"']:.4f})")

A.9 Comparison of All Methods

The following code evaluates and compares SMOTE, ADASYN, GAN, and CTGAN using

the same cross-validation pipeline.
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Listing A.9: Comparative evaluation of all methods

# Dictionary to store results for each method

all_results = {}

# Method 1: SMOTE
X_smote, y_smote = SMOTE(random_state=42).fit_resample(latent_space,
y_train)

all_results['SMOTE'] = evaluate_with_cv(X_smote, y_smote)

# Method 2: ADASYN

X_adasyn, y_adasyn = ADASYN(random_state=42).fit_resample(latent_space,

y_train)

all_results['ADASYN'] = evaluate_with_cv(X_adasyn, y_adasyn)

# Method 3: Standard GAN (using previously augmented data)

all_results['GAN'] = evaluate_with_cv(augmented_data_gan,

augmented_labels_gan)

# Method 4: CTGAN (proposed)
all_results['CTGAN'] = evaluate_with_cv(augmented_data_ctgan,

augmented_labels_ctgan)

# Print comparison table

print(”"\n” + "="%60)

print ("COMPARATIVE RESULTS ACROSS METHODS")
print("="%60)

print(f"{'Method':<10} {'Accuracy ':<12} {'AUC-ROC':<12}")
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print("-"%*60)

for method, results in all_results.items():
print(f"{method:<10} {results['accuracy 'J:.4f} +/-
{results['accuracy_std"']:.4f} "

f"{results['auc_roc']:.4f} +/- {results['auc_roc_std']:.4f}")

print("="%60)

A.10 Visualization: ROC Curves Comparison

The following code generates comparative ROC curves for all four methods.

Listing A.10: Comparative ROC curves

plt.figure(figsize=(10, 8))
colors = {'SMOTE': 'blue', 'ADASYN': 'green', 'GAN': 'orange', 'CTGAN':

'red'}

for method, results in all_results.items():
# Compute mean ROC curve
all_fpr = np.unique(np.concatenate(results['fpr_list']))
mean_tpr = np.zeros_like(all_fpr)
for i in range(len(results['fpr_list'])):
mean_tpr += np.interp(all_fpr, results['fpr_list'][i],
results['tpr_list'][i])

mean_tpr /= len(results['fpr_list'])

# Add (0,0) point

all_fpr = np.concatenate(([@], all_fpr))

mean_tpr = np.concatenate(([@], mean_tpr))
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roc_auc = auc(all_fpr, mean_tpr)

plt.plot(all_fpr, mean_tpr, color=colors[method], 1lw=2,

label=f"'{method} (AUC = {roc_auc:.3f})")

plt.plot([0, 11, [0, 1], color='navy', 1lw=2, linestyle='--")
plt.xlim([@0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title('ROC Curves Comparison: SMOTE, ADASYN, GAN, and CTGAN')
plt.legend(loc="lower right')

plt.grid(True, linestyle='--', alpha=0.7)

plt.show()

A.11 Fidelity Analysis: Euclidean Distance

To evaluate the quality of synthetic samples, the average Euclidean distance between syn-
thetic samples and their nearest neighbors in the real latent space is computed. A lower

distance indicates higher fidelity.

Listing A.11: Fidelity analysis using Euclidean distance

from sklearn.neighbors import NearestNeighbors

def compute_fidelity(real_samples, synthetic_samples):
"""Compute average Euclidean distance from synthetic to nearest

real sample.

nbrs = NearestNeighbors(n_neighbors=1, metric="'euclidean')
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nbrs.fit(real_samples)

distances, = nbrs.kneighbors(synthetic_samples)

return np.mean(distances)

# Compute fidelity for each method

real_latent = latent_space

# For GAN

fidelity_gan = compute_fidelity(real_latent,

# For CTGAN

synthetic_samples_gan)

fidelity_ctgan = compute_fidelity(real_latent,

synthetic_data_ctgan.values)

print(n\nu + ":”*50)

print ("FIDELITY ANALYSIS (Lower is Better)"”)

print("="%50)

print(f”"Standard GAN - Average Euclidean Distance: {fidelity_gan:.4f}")

print (f"CTGAN (Proposed) - Average Euclidean Distance:

{fidelity_ctgan:.4f}")

print(f"Improvement: {(1 - fidelity_ctgan/fidelity_gan) * 100:.1f}%

reduction”)

print("="%50)
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A.12 Code Availability

The complete implementation of all methods (SMOTE, ADASYN, standard GAN, and the
proposed AE-CTGAN framework) is publicly available at:

https://github.com/Ibrahimalhurani/Dataset_and_Code
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Appendix B

Software and Packages Used

This research was implemented using the following software tools, libraries, and computa-

tional environments:

Table B.1: Software tools, libraries, and computational environments

Category

Tools and Libraries (with Citations)

Programming Language

Python [112] - Used for model development, data processing,

evaluation, and pipeline integration.

Deep Learning

Framework

PyTorch [113] — Used to implement the transformer-based
representation learning module and cGAN, as well as model

training and tensor operations.

Continued on next page
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Table B.1: Software tools, libraries, and computational environments (continued)

Category

Tools and Libraries (with Citations)

Data Manipulation

NumPy [114] and Pandas [115] — Used for numerical
computation, matrix manipulation, tabular data processing,

and result aggregation.

Machine Learning

Scikit-learn [116] — Used for stratified cross-validation,

Utilities preprocessing, baseline models, anomaly detection, and
performance evaluation.
Baseline Models Logistic Regression, Support Vector Machine, and Random

Forest implemented through Scikit-learn [116] — Used as

baseline or comparison models.

Data Balancing

Imbalanced-learn (SMOTE) [117, 7] — Applied for

minority-class oversampling in baseline comparison settings.

Gradient Boosting Models

LightGBM [118] and XGBoost [93] — Used as additional

comparison models in the classification experiments.

Continued on next page
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Table B.1: Software tools, libraries, and computational environments (continued)

Category

Tools and Libraries (with Citations)

Visualization

Matplotlib [119] — Used for plotting ROC curves,
precision—recall curves, confusion matrices, and other

performance visualizations.

Runtime and Utilities

JSON, OS, Glob, Time, Datetime, Shutil, Random, and
Warnings (Python standard library) — Used for file handling,
reproducibility control, runtime management, and result

organization.

Development

Environment

Jupyter Notebook [120] and Google Colab [121] — Used for

experimentation, interactive execution, and workflow

prototyping.
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