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Abstract

Identifying robust biomarkers for bladder cancer and immunotherapy continues to
be a challenge in the field of computational biology, as pertinent datasets often suf-
fer from the “curse of dimensionality.” In this study, we explore the effectiveness
of ensemble feature selection methods to discover potential and validate existing
biomarkers that are predictive of sensitivity to immune checkpoint inhibitor (ICI)
therapy, administered using Pembrolizumab. The thesis utilizes the GSE111636
dataset with 11 samples and over 70,000 features to simulate the high-dimensionality
problem and uses a tailored ensemble modeling approach to tackle it. To be more
specific, the research applies four popular feature selection algorithms - Support Vec-
tor Machine Recursive Feature Elimination (SVM-RFE), Random Forest Recursive
Feature Elimination (RF-RFE), Mutual Information (MI), and Logistic Regression
Recursive Feature Elimination (LR-RFE) - both individually and in ensembles. To
aggregate the results of the ensemble models, a frequency-based majority voting
system is adopted. Furthermore, keeping in mind the limitations of the dataset,
Leave-One-Out Cross-Validation (LOOCV) is also used to improve on the general-
izability and robustness and reduce bias of the feature selection methods. Two deep
learning models - one based on neural networks with L1 Regularization and another
Concrete Autoencoder - were also used to carry out feature selection. A final com-
parison between all the models demonstrated that ensemble models outperformed
both single models and deep learning models by selecting a greater number of bi-
ologically relevant gene features, most of which have been previously implicated in
bladder cancer progression and immune response, while also showcasing more stable
feature selection metrics. Thus, this study highlights the utility of ensemble mod-
eling in low sample count, high-dimensional gene expression datasets, underscoring
its potential for advancing biomarker research in oncology.

Keywords: Bladder Cancer; Ensemble Feature Selection; Biomarkers; High-Dimensional
Data; Immune Checkpoint Inhibitor (ICI) Therapy
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Chapter 1

Introduction

1.1 Background

Bladder cancer (BC) is a commonly diagnosed malignancy and poses a significant
health concern due to its prevalence, recurrence, and treatment challenges. Some
of the most common types of BC are urothelial carcinoma (otherwise known as
transitional cell carcinoma), squamous cell carcinoma, and adenocarcinoma [45].
Urothelial carcinomas are by far the most widely diagnosed, responsible for over 90
percent of all bladder cancer cases [40]. The World Health Organization’s staging of
bladder tumors includes low malignancy potential carcinoma in situ or TA, which
accounts for 70 percent of all diagnoses. The next stage is the low-grade stage,
T1, and T2a, where the tumor has developed into a deeper layer and penetrated
the lamina propria. The final stage is the high-grade stage T2b, T3, or T4, which
is even deeper and is caused when the tumor goes through the local or lymphatic
spread, greatly complicating prognosis and treatment processes [2].

The diagnostic process of BC begins with obtaining a biopsy of the tumor within
the bladder, after which the tissue is examined for malignancy. If there is a positive
response, the tumor is staged with a CT scan and observed more closely to see
whether it has spread and which layers of the urinary bladder are involved [52]. The
treatment method is then chosen accordingly; if the tumor detected is in the high-
grade stage or other forms of treatment, such as chemotherapy, radiation therapy,
etc., do not yield favorable results, then the patient is administered stronger forms
of treatment such as immunotherapy. Immunotherapy itself is of various forms,
of which Immune Checkpoint Inhibitor therapy is most commonly used due to its
favorable response [73]. However, ICI therapy poses greater financial pressure than
other cancer treatments, with Pembrolizumab costing up to US$104,244 per year of
treatment [17].

1.2 Rational of the Study or Motivation

In the context of advanced-stage BC treatment, the emergence of ICIs such as
pembrolizumab has renewed therapeutic hope. However, although ICIs have shown
remarkable effectiveness, its effects have only been observed in a subset of patients.
Matters are further complicated given the high cost of ICI treatment, making the
identification of reliable biomarkers imperative in order to guide patients towards
quick and appropriate treatment choices [16].
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Machine Learning (ML) models have been extensively used for cancer diagnosis,
prognosis, and treatment outcome prediction, including that of ICI. These models
generate a mapped output from the input data, and this is conducted via a four-step
process that involves (i) data collection, (ii) feature design, (iii) model training, and
(iv) model testing [57]. Through this process, these models learn from datasets,
which may range from medical images to gene data and clinical records; the use of
these models enhances cancer diagnosis and the prediction of treatment responses.
More recently, deep neural networks (DNNs), a subset of ML, have been used in
various aspects of BC treatment and management, achieving spectacular results
but with some caveats. For instance, DNNs learn as a network of interconnected
nodes or 2 “neurons”, resulting in the requirement of enormous datasets, obtaining
which is both computationally and monetarily expensive, especially in the field of
biomedicine [57]. Biomedical datasets often suffer from the “curse of dimensional-
ity” issue, complicating model generalization and increasing the risk of overfitting
when using single ML, models and more so when using DNNs. Furthermore, the ef-
fectiveness of immune checkpoint inhibitors is intricately influenced by micro-factors
that impact the overall treatment outcome [52]. Thus, the results of models used in
treatment outcome prediction most often require interpretation, which is hindered
by the “black box” approach of DNNs [57].

On the other hand, ensemble models offer a practical and robust alternative, lever-
aging multiple algorithms to improve feature selection stability and reduce model
bias even when working with high-dimensional datasets [38]. Thus, our study aims
to harness the capabilities of ensemble-based feature selection in order to outperform
individual or deep learning models in small-sample, high-dimensional contexts. By
applying this approach to gene expression data from pembrolizumab-treated BC pa-
tients, we aim to find new and validate existing biologically relevant and meaningful
biomarkers for BC and ICI therapy sensitivity, while also showcasing the broader
applicability of ensemble modeling in cancer research.

1.3 Problem Statement

ICI therapy, administered through drugs such as Pembrolizumab, has emerged as
a promising treatment for later-stage bladder cancer. However, its effectiveness is
limited to a small subset of patients. Coupled with the high cost and potential
side effects of ICI therapy, the need for reliable biomarkers that can predict ther-
apeutic response is crucial. Furthermore, as clinical datasets are expensive and
time-consuming to create, there is an urgent need for more advanced models that
can identify potential biomarkers even when working with a minimal dataset. This
high dimensionality and low sample size characteristic of biomedical datasets of-
ten causes existing models, including deep learning models, to struggle to generate
results that are clinically applicable; while simple single model approaches suffer
from algorithmic bias and a lack of generalizability, DNNs suffer from overfitting
and a lack of interpretability due to their “black box” nature. This study addresses
this gap by employing an ensemble-based machine learning framework that uses the
“wisdom of crowds” ideology to combine multiple feature selection methods through
frequency-based majority voting to improve the reliability of the final feature set,
finally validating the feature set using the biological relevance of predictive gene
signatures.



1.4 Objective

The primary objective of this research is to develop an ensemble model that can
identify probable biomarkers predictive of response to Pembrolizumab ICI therapy in
BC patients and concurrently validate the reliability of these identified biomarkers.
By relying on an ensemble-based approach that integrates multiple feature selection
methods through frequency-based majority voting, this research aims to overcome
the limitations of high-dimensional, low-sample-size datasets, highlighting the role
of ensemble modeling in future biomarker research, especially those carried out on
limited data.

1.5 Methodology in Brief

The dataset used in this study was obtained from the Gene Expression Omnibus
(GEO) database repository with the accession number GSE111636, titled “Identifi-
cation of potential biomarkers of response and resistance to programmed cell death-1
blockade in patients with advanced urothelial tumors.” This dataset comprises gene
expression data of bladder cancer patients undergoing immunotherapy with pem-
brolizumab (MK-3475), which is an anti-PD-1 immune checkpoint inhibitor (ICI). A
total of 11 RNA samples were profiled using the Affymetrix GeneChip Human Tran-
scriptome Array 2.0 (HTA2.0) platform (GPL17586), allowing for high-resolution
detection of over 70,523 transcript clusters. The samples were classified based on
their clinical response to therapy as either responders (responding positively to ICI
therapy) or progressors (not showing a positive response to ICI therapy); out of the
11 samples, 6 were labeled as responders and 5 as progressors.

Preprocessing the dataset began with annotating the raw expression matrix provided
in the GSE111636 dataset, which involved mapping the probe identifiers (Affymetrix
HTA 2.0 transcript cluster IDs) with their corresponding gene names using the of-
ficial annotation file available at the Affymetrix website. This annotation enhanced
the interpretability of the dataset as a whole. Furthermore, to aid our machine learn-
ing pipeline and model input format, we transposed the matrix and added a new
column to serve as the target label; samples corresponding to patients who responded
to pembrolizumab therapy were labeled as 1 (responders), and non-responders (pro-
gressors) were labeled as 0. Finally, after dropping duplicates, rows with null values,
and carrying out percentile-based variance thresholding, the dataset shape changed
from (11, 70,523) to (11, 1513).

To identify the genes associated with patient response to pembrolizumab, we used
four feature selection models based on popular algorithms - Support Vector Ma-
chine Recursive Feature Elimination (SVM-RFE), Random Forest Recursive Feature
Elimination (RF-RFE), Mutual Information (MI), and Logistic Regression Recur-
sive Feature Elimination (LR-RFE) - in both single and ensemble feature selection.
For all models, we utilized Leave-One-Out Cross-Validation (LOOCV) and Strati-
fied K-fold CV to ensure robustness and generalizability, given the limited sample
size. In the case of single-model approaches, we extracted the feature list from the
final LOOCYV fold, selecting approximately 30 top-ranked genes for each method.
For ensemble models, we employed an unweighted frequency-based majority voting
scheme across all LOOCYV iterations, retaining approximately 30 genes that con-
sistently appeared across folds. After feature selection, another layer of weighted



frequency-based majority voting was used to create a final feature set. Finally, the
biological relevance of the gene set obtained was compared and validated. Figure
1.1 highlights the outline of this paper.
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1.6 Scopes and Challenges

Our study was conducted using the GSE111636 dataset from NCBI’s Gene Expres-
sion Omnibus (GEO) database, which comprises formalin-fixed, paraffin-embedded
(FFPE) tissue samples of 11 patients diagnosed with BC. One of the important
aspects of this dataset is that all the patients were treated with the same drug,
Pembrolizumab, also known as MK-3475. This drug blocks the PD-1 protein on
T-cells, which in turn makes the PD-L1 protein produced by the cancer cells unable
to bind to PD-1 [18]. As a result, T cells can then actively attack the cancerous cells.
Since this dataset is specific to a particular patient cohort, it enables a better un-
derstanding of immunotherapy biomarkers that are linked to how patients respond
or resist to ICI treatment.

However, due to the nature of our problem and dataset, our research faced certain
drawbacks. As there are only 11 patient samples and 70,523 features in our dataset,
the statistical metrics of the models applied have increased variance. This is exacer-
bated by the use of LOOCYV, which is known to reduce bias but also introduce higher
variance in performance indicators. To acknowledge this drawback, the biological
relevance of the selected genes has been strongly analyzed.



Chapter 2

Literature Review and
Requirement Analysis

2.1 Bladder Cancer: Epidemiology, Risk Factors,
and Treatment Challenges

Bladder cancer is the 9th most commonly occurring cancer in the world, with global
trends and patterns suggesting tobacco smoking to be the primary risk factor [20].
Furthermore, age and sex are also determining factors of the predisposition towards
getting bladder cancer, as 90 percent of bladder cancers are diagnosed after the age
of 55, and men are four times as likely to get bladder cancer during their lifetime
as women [39]. In addition, bladder cancer is the 13th most likely cancer to lead
to death, with the average survival rate of patients over the course of 5 years being
77 percent [39]. However, despite favorable survival rates, bladder cancer continues
to be the most expensive malignancy as recurrence is extremely common, causing
lifelong monitoring of the disease and care to become a necessity [21]. Further
complications arise when considering metastatic bladder cancer, for which the 5-
year survival rate is merely 5 percent [39]. Thus, metastatic bladder cancer requires
quick and personalized treatment that caters to the specific needs of the patient.
For this reason, in recent years, immunotherapy has been chosen as a second-line
treatment for metastatic cancer, including that of the bladder, and there has been
considerable research conducted on the topic.

2.2 Immunotherapy in Cancer Treatment

The advancement of immunotherapy has led to many types of therapies being intro-
duced, including monoclonal antibodies (mAb), cancer vaccines, and adoptive T-cell
therapies. However, none of these therapies have proven to be as effective as ICI
therapy [73]. ICI therapy is an innovative approach to fighting cancerous cells that
functions by suppressing immunological checkpoints such as CTLA-4, PD-1, PD-L1,
PD-L2, etc., which cancer cells use to elude the immune system [48]. Otherwise,
cancer cells evade immune system detection through the aid of these checkpoints,
consequently preventing T cells from eliminating the malignant cells. Multiple stud-
ies have been undertaken to develop the most precise ICI treatment since the first
ICI drug, Ipilimumab, was approved by the FDA in 2011, denoting a new era in



cancer immunotherapy. Following that, other ICI drugs such as Atezolizumab, Pem-
brolizumab, and Relatlimab were approved as well [44].

Furthermore, as BC is considered one of the most malignant neoplasms worldwide,
many treatment modalities have been introduced, including several different ICI
treatments that have been approved for patients with metastatic urothelial carci-
noma (mUC), especially for those who are unable to take cisplatin [48]. Correspond-
ingly, a study revealed that around 30 percent of mUC patients responded well to
ICT immunotherapy. In addition, around 20-30 percent of urothelial carcinomas ex-
pressed PD-L1, indicating a potential biomarker for BC since high levels of PD-L1
expression imply more aggressive tumors, allowing it to be used to predict responses
to ICI therapy [48]. Pembrolizumab, the checkpoint inhibitor prescribed to the pa-
tients in our dataset, has previously been employed for patients with metastatic
urothelial carcinoma and demonstrated significant results [26].

2.3 Challenges in ICI Therapy: Hyperprogressive
Disease and the Search for Predictive Biomark-
ers

However, despite being in the era of advanced immunotherapy for cancer where no-
table benefits have been observed, the majority of cancer patients, including those
suffering from BC, do not receive the intended outcome from ICI treatment. For
instance, patients who do not respond to ICI treatment are at risk of developing
hyperprogressive disease (HPD), which is characterized by rapidly worsening con-
ditions, and this condition affects 4 percent to 29 percent of patients receiving the
ICI treatment. Furthermore, once these patients develop HPD, the risk of death
is significantly higher than in patients who responded to therapy. Besides, a study
found that HPD is not specific to any one type of cancer [35]. Thus, it is impera-
tive to identify precise biomarkers for the ICI treatment response of BC patients.
As a result, researchers are striving to find predictive biomarkers that may assist
in estimating how well a patient might respond to ICIs early on in the treatment
process [5]. Subsequently, a number of potential biomarkers have recently emerged
that may increase the effectiveness of the administration of ICI, including PD-L1
expression, the extracellular matrix, tumor mutation burden (TMB), microsatel-
lite instability (MSI), the microbiome, hypoxia, and interferon-gamma (IFN-) [48].
Nevertheless, the currently accepted biomarkers for ICI treatment do not prove to
be strong enough indicators of treatment response [48]. For that reason, it has also
been suggested that a composite biomarker, pooling results from the biomarkers
mentioned above, promises better results [48].

2.4 Machine Learning and Ensemble Models in
Bladder Cancer

Gene expression levels contribute to understanding the underlying mechanisms of a
variety of disorders, including cancer [23]. Thus, the dataset GSE111636 is strongly
related to this study as it highly correlates with the research objective, i.e. identi-
fying biomarkers for interpreting the difference in reaction to ICI therapy. Further-
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more, as the dataset incorporates real-world clinical features, it ensures the model
that is being tested reflects actual patient scenarios, making the model clinically
efficient.

In cancer research, predictive models built using ML are used to analyze datasets and
are trained on clinical and genomic data from patients undergoing ICI treatment.
This can be used to assist in creating a more personalized treatment [34]. In recent
years, deep learning has also been employed to analyze more complex datasets [41].
However, traditional deep learning models are often regarded as black boxes because
they cannot explain how their models reached a certain conclusion, even though
they give accurate predictions [57]. This is a severe hindrance in sensitive fields
such as healthcare, where results of the intelligent decision-making models require
interpretation, sometimes mandated by law. Furthermore, this ‘opaque’ nature of
DNNs may also result in unfairness and bias that escapes the human eye [42]. On
the other hand, while single-model approaches using traditional ML algorithms are
more easily interpretable, they suffer from algorithmic bias, resulting in different
models giving completely different outputs, and a lack of generalizability, especially
when working with small sample, high-dimensional datasets [66].

Ensemble models based on traditional ML models solve both these problems as
they incorporate the interpretability of simple ML models while also working well
when there is high disagreement between the individual models, reducing errors
caused by bias and variance. This is evidenced by their usage on heterogeneous
datasets from cancer patients involving genetic variations, where they gave more
stable and generalized predictions as compared to single models [71], and their
effectiveness in high-dimensional data environments, such as cancer gene expression
datasets [65].Furthermore, ensemble modeling has also proven to be more accurate
than singular machine learning algorithms for tasks such as cancer classification [5]
[68]. However, there has yet to be research done on the role of ML, and consequently,
ensemble modeling in identifying predictive biomarkers in BC. Finally, although
deep neural networks have shown greater capabilities when it comes to classification
and feature selection when compared to traditional machine learning algorithms, no
literature that compares ensemble models with deep neural networks exists [54].
To aid in bias reduction and enhance the generalizability of the models used in
the research, nested LOOCYV with Stratified K-fold cross-validation is incorporated.
Although several other cross-validation techniques exist to estimate generalization
performance, this approach with LOOCYV is used as it caters to small datasets; in
LOOCYV, since the dataset is trained on nearly the entire dataset in each fold, it
results in the greatest reduction of bias and provides better generalizability keeping
in mind the limitations of the dataset, with the primary tradeoffs being increased
computational cost and higher variance [68].

Furthermore, while the results of ensemble models can be aggregated in multiple
ways, such as bagging, boosting, stacking, this study uses a frequency-based majority
voting aggregation technique, which has shown better accuracy when compared to
individual models [25]. While bagging, boosting, and stacking can provide better
results, they have their own caveats. For instance, the effectiveness of boosting is
dependent on the dataset, as it is prone to overfitting when working on noisy and
small datasets [3]. Moreover, bagging also risks overfitting to the dataset if base
learners become too complex, which is more of a possibility when working with
small datasets [28]. Alternatively, despite stacking providing better performance,



it requires intricate implementation and suffers from a lack of interpretability [61].
Thus, the simplicity and ease of interpretability of frequency-based majority voting
made it the primary choice for our ensemble model. By tracking how often a feature
is selected across multiple folds or models, this method emphasizes consensus among
all the models and filters out model-specific noise, selecting features that have a high
consensus stability across various different models and resulting in a more robust
feature set.

2.5 Key Findings and Research Gap

BC is a common health issue occurring mostly in adults, and men are more likely
to be affected by this [39]. It remains the most costly cancer due to its high recur-
rence rate, and poor prognosis in metastatic BC increases the cost even further [21].
Hence, researchers have shifted to other treatment modalities such as immunother-
apy to expedite the treatment process. Immunotherapy, such as ICI treatment,
is recognized as a revolutionary treatment for cancer and regarded as a fine-line
treatment option, especially for patients who are unable to take cisplatin, a type of
chemotherapy [51]. ICI treatment, such as pembrolizumab (PD-1 blockade), works
by blocking the checkpoints that cancer cells use to evade the immune system. How-
ever, despite ICI therapy being a new and effective treatment option, it has some
disadvantages that need to be addressed.

One of the major concerns of ICI therapy is the risk of developing HPD, where
the cancer grows much faster after ICI treatment [35]. As a result, if doctors are
unable to predict whether a certain patient will respond to ICI treatment, patients
run the risk of developing HPD. Patients are also at risk of incurring unnecessary
financial burden if treatment is ineffective as ICI therapy can cause upwards of
US $100,000 per year of treatment. Therefore, the need for reliable biomarkers is
essential to help predict which patients will benefit from ICI treatment. Although
there are certain biomarkers present, such as PD-L1 expression, tumor mutation
burden (TMB), and microsatellite instability (MSI) [49], these are not always reliable
as independent biomarkers. This urges the need for a range of different biomarkers
to predict treatment response as early and accurately as possible. On that account,
this research addresses this gap by finding genes that are indicative of response to
ICT treatment, specifically through the administration of Pembrolizumab, and can
function as biomarkers for treatment response.

Furthermore, ML methods are widely recognized in tasks such as cancer classifi-
cation, biomarker identification, and even response to ICI treatment. Among ma-
chine learning techniques, Deep Neural Networks (DNNs) have demonstrated high
accuracy; however, they require a large dataset for training, which also increases
computational cost [41], while also being expensive to create and obtain. Due to
this high cost, gene expression datasets are most often high-dimensional with a lim-
ited sample size, which makes deep learning methods prone to overfitting. Besides,
these state-of-the-art deep neural methods are regarded as the “black boxes” be-
cause their inner workings are hard to understand, lacking the transparency that is
required in healthcare applications [57]. On the other hand, single models based on
traditional ML models lack in generalizability and suffer from algorithmic bias when
working with such small datasets [67]. Thus, there is a void in research regarding the
identification of biomarkers of ICI therapy response in BC patients through compu-



tational means. To address these issues, our study uses ensemble feature selection
technique, coupled with cross-validation and frequency-based majority voting. This
robust technique enables an improved feature selection procedure, selecting the most
significant genes.
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Chapter 3

Impact Analysis and Design

3.1 Final Specifications and Requirements

Our proposed plan is to design an ensemble model that aims to identify and val-
idate potential biomarkers that can be used to predict the efficacy of ICI in BC
patients. The dataset used in this study is GSE111636 from the Gene Expression
Omnibus (GEO). It consists of gene expression measurements of 70,523 genes ob-
tained from formalin-fixed paraffin-embedded (FFPE) tissue samples collected from
11 BC patients.

The primary task involves biomarker identification from the binary classification
where patients are categorized into two distinct classes based on their response to
ICT therapy; class 1 corresponds to responders, referring to patients who exhibited
a positive response to the treatment, while class 0 corresponds to progressors, or
patients whose condition worsened during the course of therapy.

The goal is to identify predictive biomarkers - specific genes that significantly in-
fluence the classification decision made by the ensemble learning model. These
biomarkers can serve as crucial indicators in understanding patient-specific responses
to ICI treatment and guiding personalized therapy strategies.

3.2 Societal Impact

This research aims to advance the realm of personalized treatment. By utilizing
real-world clinical data and an ensemble machine learning model, the study enables
clinicians to tailor immune checkpoint inhibitor (ICI) therapy to individual BC pa-
tients according to the identified biomarkers, reducing their reliance on generalized,
trial-and-error approaches. Since the dataset reflects actual clinical conditions, the
model developed becomes not only technically sound but also clinically applica-
ble—ensuring more efficient, targeted, and relevant treatment strategies.

Another major aim of this research is the reduction of side effects and improvement
of survival rates. Early identification of patients who are unlikely to respond to ICI
therapy using the help of biomarkers helps clinicians adjust or redirect treatment
plans more appropriately and prevent the onset of HPD.
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3.3 Environmental Impact:

By minimizing the trial and error phase, our research can reduce the number of
hospital visits, mitigating unnecessary imaging scans and drug administration. This
lowers the environmental footprint associated with cancer care.

3.4 Ethical and Legal Considerations:

Ethical considerations and legal compliance are central in the development of any
machine learning models in the scope of healthcare. One major concern is bias
and fairness as ML models can be affected by biases because of imbalanced or non-
representative datasets, which directly results in disparities in predictions across
certain demographic groups. This can be tackled by incorporating model evalu-
ation strategies by our ensemble model. This issue is addressed in our approach
by incorporating robust model evaluation strategies within the ensemble framework
to detect and mitigate bias. Another critical aspec of biomedical research is data
privacy. Our model uses anonymized patient data sourced from one of the most
reputable public repositories for bioinformatics data, which is NCBI’s Gene Expres-
sion Omnibus (GEO) database. Using this, it is ensured that there is no violation
of privacy rights under data protection regulations such as HIPAA or GDPR in the
clinical development phase.The dataset used in this research also adheres to MI-
AME standards, enhancing the clarity and usability of the dataset for research and
clinical application. In addition, model interpretability is essential in fields such as
biomedicine in order to foster trust and ensure accountability in clinical settings.
To address this, the model proposed in this research uses simple and interpretable
learners and aggregation mechanisms.

3.5 Economic Considerations

Our research aims to reduce healthcare cost by identifying biomarkers that are in-
dicative of treatment response in BC patients undergoing ICI therapy. By accurately
identifying non-responders early, hospitals can avoid administering costly treatments
that are unlikely to be effective, thereby saving valuable medical resources and re-
ducing the financial burden on both healthcare systems and patients. Moreover,
personalized treatment strategies, made possible through predictive modeling, can
shorten the overall treatment lifecycle. This not only enhances therapeutic effi-
ciency but also reduces hospitalization durations and associated costs, leading to
more sustainable and cost-effective healthcare delivery.
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Chapter 4

Implementation and Methodology

4.1 Data Collection and Preprocessing

4.1.1 Description of the Dataset

The rapid increase in transcriptome profiling tools has increased the availability of
gene expression datasets. One of the most reputable public repositories for bioin-
formatics data is NCBI's Gene Expression Omnibus (GEO) database [32]. This
study utilizes GSE111636 dataset [29], titled, “Identification of potential biomark-
ers of response and resistance to programmed cell death-1 blockade in patients with
advanced urothelial tumors,” obtained from the GEO database. The dataset com-
prises formalin-fixed, paraffin-embedded (FFPE) bladder tissue samples of patients
undergoing immunotherapy with pembrolizumab (MK-3475), which is an anti-PD-1
immune checkpoint inhibitor (ICI) used to treat patients with advanced urothe-
lial carcinoma. RNA samples were profiled using the Affymetrix GeneChip Human
Transcriptome Array 2.0 (HTA2.0) platform (GPL17586), Furthermore, GEO stores
gene expression data by following MIAME guidelines, ensuring interpretability and
shareability of the data, making this data source suitable for our study [7]. Along-
side source reputation, the choice of this dataset is influenced by several factors,
including accessibility of data and alignment of the data with our research. Specifi-
cally, the GSE111636 dataset focuses solely on BC patients with advanced urothelial
tumors, whose DNA samples were analyzed using the GeneChip Affymetrix Human
Transcriptome Array 2.0 platform, measuring the expression levels of genes across
samples. These patients were treated with pembrolizumab (MK-3475), which is a
programmed cell death-1 (PD-1) blockade and the dataset encompasses comparisons
between those who responded positively to the treatment and those who reported
disease progression, categorized into responders and progressors respectively. The
primary aim of this dataset is to identify probable biomarkers associated with re-
sponse and resistance to PD-1 blockade immunotherapy.

4.1.2 Dataset Size

The profiling of a total of 11 RNA samples allowed for the high-resolution detection
of over 70,523 transcript clusters. The samples in the dataset were classified based on
their clinical response to therapy as either responders (responding positively to ICI
therapy) or progressors (not showing positive response to ICI therapy); out of the 11
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samples, 6 were labeled as responders and 5 as progressors. This binary classification
provided a robust foundation on which to perform differential expression analysis,
biomarker identification, and pathway enrichment research.

Before Preprocessing

Initially, the gene expression dataset consisted of 70,523 rows and 11 columns, where
each column represented the individual ID of each sample patient and each row
specified a unique gene probe or Affymentrix HTA2.0 Probe ID a specific gene; the
values in rows showed the activity or gene expression values of that specific gene
in a particular patient. However, the raw dataset also contained irrelevant data
that reduces the accuracy of research, making preprocessing essential for meaningful
analysis.

After Preprocessing

The dataset used in this study underwent several preprocessing steps to ensure qual-
ity and consistency. The first step of preprocessing involved transposing the dataset.
Since the features for our dataset were the Probe IDs for the genes and their respec-
tive expression values, these values had to be shifted to columns. Consequently, the
sample IDs had to be shifted to rows. This was a necessary step in order to make the
dataset function properly with Python’s built-in functions as these functions expect
datasets to have samples in rows and features in columns. Furthermore, a separate
column for the target variable that served as a label for responders and progressors
was added according to the dataset description where each sample ID was clearly
identified as a responder or progressor; the target variable denoted responders as
“1” and progressors as “0”.

The next step of preprocessing involved dealing with missing and duplicate values
in the dataset. To address this, columns that had missing values were removed,
bringing down the total number of features from 70,523 to 30,266. Afterwards, data
duplication was checked but no duplicate data points were found, leaving the dataset
unchanged.

However, a low noise to signal ratio (SNR) is characteristic of gene expression
datasets and such was the case for this dataset as well. This has a detrimental
effect on downstream analyses, leading to higher false discovery rates and missed
true signals [12]. The effects are even stronger for small datasets, resulting in in-
consistent and poor reproducibility of outputs [13]. Thus, as a means to increase
the SNR of the dataset, percentile-based variance thresholding was applied. This
resulted in a reduced dimensionality of the dataset as features that did not have a
certain amount variance, and consequently were not differentially expressed, were
discarded. Percentile-based variance thresholding has been shown to positively af-
fect downstream analyses, effectively controlling false discovery rates [8]. The value
for our percentile based thresholding was to 95 percent, i.e. only the features that
had a variance of within the top 5 percent were kept. Although lower percentages
were considered, they consistently resulted in overfit outputs and thus, 95 percent
was chosen as it provided a good balance between acceptable results while also not
setting the variance threshold too high, risking discarding genes that may be differ-
entially expressed. Therefore, at 95 percent, the variance threshold value was 0.1918
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and the resulting dataset had 1514 features; the minimum variance in the dataset
then became 0.0002 and the maximum variance 24.5168.

4.1.3 Feature and Target Variable

The primary features of this dataset, organized in columns, comprised gene expres-
sion values, representing the transcription levels of various genomic data across the
patients, with the specific Affymetrix HTA 2.0 Probe IDs for the genes being the
column headers. The target variable in this study was the patient response to ICI
therapy, which was categorically defined into two separate classes: (i) responders,
who were patients that showed a positive response to the treatment, denoted by 1,
and (ii) progressors, who were patients whose conditions had worsened over the du-
ration of treatment despite undergoing the therapy, denoted by 0. This classification
served as the output or target variable.

4.2 Model Design and Description

4.2.1 Description of the models used

This research involves a careful selection of various models based on their strengths,
specifically in terms of feature selection. These models include SVM-RFE, RF-RFE,
LR-RFE, and MI alongside two deep learning models, namely Concrete Autoencoder
and a Deep Neural Network with L1 Regularized Logistic Regression.

For SVM-RFE, the linear kernel is used , bringing the number of linear models
and non-linear models to 2 each as Logistic Regression is also a linear model while
Random Forest and Mutual Information are non-linear models. The reason for
choosing equal numbers of linear and non-linear models is to balance the feature
selection outputs as both types of models have shown to perform better in certain
conditions [37]. It must also be mentioned that the selection threshold for each
model is selected in a way that results in around 30 features being selected. In
addition, to ensure uniformity across all gene expression features and eliminate
scale-induced bias during model training, the dataset was standardized using z-
score normalization, which centers the data around a mean of zero with a standard
deviation of one, allowing each gene to contribute equally to the learning process.
Furthermore, all of the models have nested cross-validation as well as LOOCYV in-
corporated into them as they both reduce bias in error estimates and performance
and provide the most robust feature selection outcomes [30] [69]. While LOOCYV is
applied to the outer loop of the nested cross-validation, the inner loop is used to
tune the hyperparameters for the individual models - stratified K-fold cross valida-
tion is used in the inner loop to ensure consistent and reliable tuning. In the end,
the final model with the best selected hyperparameters is tested on the outer loop.
In addition, special care is taken to prevent data leakage by ensuring that models
only learn from the training data that is made available to them. As a result, the
models do not have access to the test data beforehand, resulting in the outcome not
being biased by the test data.

The model implementation for all the models is intentionally kept constant in order
to establish a fair comparison, ensuring that the difference in the results could clearly
and easily be attributed to only algorithmic differences.
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SVM-RFE

Support Vector Machine Recursive Feature Elimination (SVM-RFE) is a widely
used wrapper-based feature selection algorithm that operates by recursively train-
ing a support vector machine and eliminating features that contribute least to the
decision boundary. To be more specific, SVM-RFE begins by fitting a linear SVM
model to the training dataset and ranking all features based on the magnitude of
their weights in the model’s decision function. Features with the smallest absolute
weights, indicating the least contribution to classification, are iteratively removed
from the dataset, and this process is repeated until a specified number of top-ranked
features remain [4]. A key benefit of SVM-RFE is that it considers interactions
between features in its selection process, making it particularly effective in high-
dimensional biomedical datasets such as ours where feature interdependence can
influence patient outcomes. SVM-RFE has consistently shown to provide better
results than other feature selection algorithms for functions such as cancer classifi-
cation, making it a good fit for this research [4].

To integrate this algorithm into our study, we implemented a complete pipeline that
combines SVM-RFE with nested cross-validation using LOOCV on the outer loop
and stratified K-fold validation on the inner loop for hyperparameter optimization.
The first step involved normalizing the dataset with z-score scaling to ensure all
gene expression values are on a consistent scale. Afterwards, in each outer LOOCV
fold, SVM-RFE is used to reduce the dimensionality of the data by selecting the
top 2 percent of features, after which these features are passed into a GridSearchCV
routine. This routine tunes the hyperparameters C and gamma for a final non-linear
SVM classifier with an RBF kernel using 3-fold stratified inner validation. After the
optimal model is selected, it is then evaluated on the left-out test sample from the
outer fold. This approach, thereby preventing data leakage and maintaining the
integrity of model evaluation.

Random Forest

Random Forest Recursive Feature Elimination (RF-RFE) is a variant of the tra-
ditional RFE algorithm that utilizes the feature importance scores derived from a
Random Forest classifier, which has shown great results in gene expression datasets
[6], to iteratively eliminate less relevant features. In contrast to SVM-RFE, which
ranks features based on model weights, RF-RFE evaluates the contribution of each
feature to classification accuracy using impurity-based metrics. Then, at each step,
features contributing the least to reducing classification error are discarded, and this
process is repeated until a predefined number of top features is selected. Random
Forest is inherently non-linear and capable of capturing complex gene-gene inter-
actions, making it particularly useful for high-dimensional datasets like ours where
underlying relationships may not be strictly linear, a trait that is not uncommon in
gene expression datasets.

In this study, RF-RFE was applied through a standardized pipeline that is similar in
structure to the SVM-RFE model for consistency. Initially, gene expression values
are standardized using z-score normalization. LOOCYV is then employed for robust
outer loop evaluation, with RF-RFE performed in each outer fold. This resulted in
the top 2 percent genes being retained in every iteration based on their importance
scores. A Random Forest classifier with 100 estimators is then trained using only
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the selected features and evaluated on the left-out sample.

Logistic Regression

Logistic Regression Recursive Feature Elimination (LR-RFE) is also a wrapper-
based feature selection method that utilizes weight coefficients, generated by L1-
regularized logistic regression, to discard features based on their informativity. LR-
RFE evaluates feature relevance directly through the magnitude of these coefficients,
with L1 regularization providing a penalty term that effectively reduces coefficients
of unimportant features to 0 [1]. In this context, features with the smallest absolute
coefficient values are iteratively removed until a predefined number of top-ranked
features remain. The simplicity of LR-RFE makes it especially suitable for high-
dimensional data as it tends to retain only the most discriminative features while still
being interpretable, a characteristic that is invaluable for work in such biomedicine.
Similar to the implementation of SVM-RFE and RF-RFE, LR-RFE was imple-
mented through a robust and transparent pipeline that integrates this feature selec-
tion approach with LOOCYV in the outer fold and Stratified K-fold CV in each inner
fold for unbiased performance evaluation. The dataset is first standardized using
z-score scaling, ensuring gene expressions were not disproportionately influenced by
scale differences. During each LOOCYV fold, LR-RFE is applied exclusively to the
training set using a logistic regression model with an L1 penalty to identify the top
2 percent of features based on their coefficient magnitudes. The selected features
are then used to train a final logistic regression classifier in each inner fold, which is
subsequently evaluated on the left-out test instance in that fold. Hyperparameter
tuning is also carried out in each inner fold using a GridSearchCV routine; the pa-
rameters include the type of penalty, which may either be L1 or L2, and the value
of C, which controls the regularization strength. This strategy ensures a clear sep-
aration between training and test data within each iteration, effectively minimizing
data leakage and preserving the validity of the performance estimates.

Mutual Information

Mutual Information (MI) is a filter-based feature selection technique that quantifies
the dependency between each feature and the target variable using “mutual infor-
mation”, a non-parametric measure rooted in information theory, which essentially
quantifies how much knowledge about a certain feature reduces uncertainty about
another. Unlike correlation coefficients that only capture linear relationships, mutual
information detects both linear and non-linear dependencies, making it particularly
suitable for high-dimensional biomedical datasets where interactions cannot strictly
be separated into linear and non-linear interactions. MI’s effectiveness is evident as
it has consistently shown better outcomes than other screening methods [31].

Much like the previous models, MI based feature selection was integrated into our
research through a rigorous classification pipeline tailored for high-dimensional gene
expression analysis. To ensure robust model evaluation and guard against overfit-
ting, we coupled MI-FS with LOOCYV in each outer loop and Stratified K-fold CV in
each inner loop. Within each outer LOOCYV fold, the training data undergoes fea-
ture scaling via z-score scaling, after which mutual information scores are computed
between each gene feature and the binary target. Afterwards, the top 2 percent
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of features with the highest scores are retained, reducing the dimensionality of the
dataset.

Moreover, in each inner loop, a Logistic Regression classifier is trained on the reduced
feature set, with hyperparameters optimized via running GridSearchCV using strat-
ified 3-fold cross-validation. This nested design maintains strict separation between
training and testing data, thereby minimizing information leakage and preserving
the validity of performance estimates.

Ensemble Modeling

Ensemble feature selection is a robust method that integrates the outputs of multiple
base feature selectors to identify a consensus subset of informative features. Rather
than relying on the selection bias or methodological assumptions of a single model,
ensemble methods instead aggregate across diverse selectors to capture a wider range
of relevant signals, thus enhancing both stability and generalizability by essentially
harnessing the unique strengths of each model. However, the success of an ensemble
model is determined by the effectiveness with which the basic learners are taught
and integrated [58].

As mentioned before, we applied four distinct feature selection strategies - SVM-
RFE, RF-RFE, LR-RFE, and MI - within a nested LOOCYV framework. For each
model, feature selection was independently executed in every outer fold, yielding a
set of around 30 top-ranked features per fold based on the specific selection criterion
This produced four collections of fold-wise feature subsets, each representing the
model-specific perspective on relevant features.

However, to perform ensemble feature selection, a frequency-based majority voting
mechanism was introduced that aggregates the fold-level outputs for each of the
four models. Specifically, the features selected in each outer fold for each model
were compiled, computing a selection frequency score for every feature based on
how often it was chosen across the folds. Features that appeared consistently - i.e.,
selected in the majority of LOOCYV iterations across models - were considered more
likely to be robust and biologically meaningful.

This ensemble methodology offers several advantages in the context of high-dimensional
data as it leverages the strengths of diverse algorithms while also improving the sta-
bility of feature selection.

Deep neural networks

For gene expression data, which typically has many features but relatively few sam-
ples, traditional models often outperform deep learning models unless applied in-
tricately. Thus ,to provide a fair comparison, this research also applies two deep
learning models, namely an Autoencoder and a Deep Neural Network based on L1
Regularization, to carry out feature selection as well.

Autoencoders

Gene expression datasets often contain thousands of genes, resulting in high-dimensional
data that can be challenging for traditional models to handle effectively. Autoen-
coders are particularly suitable in this context because they can compress the data
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into a lower-dimensional latent space representation, preserving the essential pat-
terns while reducing dimensionality. This compression facilitates more efficient fea-
ture learning by enabling the model to focus on compact and informative features,
often improving performance without significant loss of information. Additionally,
autoencoders can help remove noise and measurement errors commonly present in
gene expression data. The autoencoder architecture consists of two parts: the en-
coder, which maps the input to a latent representation, and the decoder, which at-
tempts to reconstruct the original input from this compressed encoding. The model
is trained by minimizing the reconstruction loss, which encourages it to learn only
the most essential features. In this research, these latent features were extracted
from the encoder and used as inputs to classifiers such as Logistic Regression, Neu-
ral Networks, and XGBoost for prediction tasks. However, although autoencoders
can model complex gene interactions and are unsupervised - an advantage when an-
notated data is scarce - they have certain caveats. For instance, compressed latent
features do not always correspond directly to specific genes, which can reduce bio-
logical interpretability. Furthermore, there is always a risk of overfitting, especially
when dealing with deeper or more complex variants like variational autoencoders.

DNN with L1 Regularization

Complementing this, a Neural Network with L1 regularization is implemented as
well, which is also particularly useful for high-dimensional biological data. Harness-
ing the power of L1 regularization as mentioned before results in a more interpretable
model that is less prone to overfitting, effectively improving generalization to un-
seen data—an important consideration when sample sizes are limited. However,
while L1 regularization simplifies the network and focuses it on the most predic-
tive genes, it can sometimes prune too aggressively, potentially discarding useful
information when multiple features share similar signals. This may end up causing
training to become unstable. Nonetheless, this approach enhances robustness and
interpretability, making it well suited for gene expression classification tasks where
feature selection is priority.

The overall outline of the research is shown in Figure 4.1.
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4.3 Model Training and Evaluation Setup

4.3.1 Performance Evaluation Metrics

Jaccard Similarity

To evaluate the stability and reliability of the selected features, the top features in
each fold were tracked, computing the mean Jaccard similarity coefficient across all
pairs of LOOCYV iterations - this was done for each model separately. The use of
Jaccard similarity quantifies the consistency of feature subsets and provides insight
into the robustness of feature selection under varying training conditions.The mean
Jaccard Similarity was calculated using Formula (4.1).

Jaccard Formula
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Spearman Correlation Coefficient

Additionally, the mean Spearman rank correlation coefficient was also calculated
using Formula (4.2) to assess agreement in feature importance rankings. The mean
Spearman rank correlation coefficient provides insight into the feature selection con-
sistency and reproducibility, making it a common metric in biomedical datasets.
This dual perspective—subset overlap and score consistency—offers a nuanced view
of feature selection stability, a critical aspect when interpreting biomarkers for down-
stream biological validation.

Spearman Correlation Coefficient Formula

634 (1.2)

LOOCYV Accuracy

Finally, mean LOOCV accuracy was calculated across all models using Formula
(4.3). This is a fairly simple performance metric, essentially finding the average
LOOCYV accuracy across all the folds.

LOOCYV Formula

1< A
error " ; (y foi(z )) (4.3)
Method Metric
SVM-RFE | LOOCV 0.6364 + 0.4810
Jaccard 0.3493
Spearman-correlation 0.6895
RF-RFE LOOCV 0.5455 + 0.4979
Jaccard 0.2004
Spearman-correlation 0.3409
MI LOOCV 0.3636 + 0.4810
Jaccard 0.2582 4+ 0.0861
Spearman-correlation 0.5256
LR-RFE LOOCV 0.6364 +0.4810
Jaccard 0.4004
Spearman-correlation 0.6863

Table 4.1: Results and Statistical Significance

It is clear from Table 4.1 that SVM-RFE and LR-RFE perform better than the other
models in terms of LOOCV accuracy and Spearman Rank Correlation Coefficient,
followed by RF-RFE and MI. However, while RF-RFE has better LOOCV accuracy,
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MI has a better mean Jaccard similarity and Spearman Rank Correlation Coefficient.
This indicates that while using RF-RFE results in feature sets that give slightly
higher predictive accuracy, using MI results in feature sets that are more consistent
and stable. Nevertheless, this is an indication of the algorithmic bias of different
models; our ensemble model essentially aims to harness the different strengths of
each model, effectively pooling their results for the best outcome.

In addition, it is imperative to mention that these values should not be seen as an
end-all-be-all metric through which to judge the performance of these models on such
a limited dataset and should be observed intricately. For instance, although a mean
LOOCV accuracy of 0.3636 to 0.6364 may seem low, the conditions under which
these predictions were made should also be considered. The classifiers for all the
models essentially made their predictions based on the feature-selected dataset alone,
choosing 5 out of 30 features. Thus, the classification did not consider biological
relevance or correlations between the features, finally making “biologically blind”
predictions, resulting in low accuracy. Nevertheless, 3 out of 4 models still predicted
at better-than-chance levels. Another point of contention could be the high variance
in mean LOOCYV accuracy values; however, this is merely a characteristic of LOOCYV.
Since the model is tested on a single data point, the accuracy can either be either 1
or 0, explaining the high variance.

Furthermore, although the mean Jaccard similarity values may be considered low
at first glance, their results should be viewed in context of the dataset. Since, the
feature selection process selected around 30 features from 1514 features in total,
most of which were not differentially expressed or relevant and merely added noise,
a mean Jaccard similarity value of 0.2004 to 0.4004 may be acceptable. A mean
Jaccard similarity value of 0.2004 to 0.4004 essentially means that 20 percent to
40 percent of the 30 features selected (6 to 12 features) were consistently selected
among all folds.

Tying in to the mean Jaccard similarity value, although the mean Spearman Rank
Correlation Coefficient may be considered low at first sight, it is merely a con-
sequence of the Jaccard value. Since around 6 to 12 features were consistently
selected across all the folds in the first, even if their rankings in each fold differed
even slightly, it would lead to low Spearman Rank Correlation Coefficient values.
P-value as a performance was also considered but finally not implemented due to
various reasons even though for over a decade, P-values have been one of the com-
monly used tools for statistical analysis. The probability p-value judges whether
an observed result is likely due to chance, and a value less than 0.05 is considered
statistically significant. Although this threshold can be considered in most cases,
for a small sample size, bias, or random error can make the p-value unreliable [19].
This is primarily observed when interacting with genomic data, which typically has
a small sample size. As a result, we had to look beyond the common p-value for
biological systems, as the relationship can be intense in this context.

Thus, the intricate gene-gene interaction and the unique constraints of our study
made it imperative to understand both the statistical significance and biological rel-
evance of our potential biomarkers. This was especially necessary for our study as
we incorporated gene-gene interactions, where a significant statistical result might
sometimes be meaningless due to a lack of biological context and vice versa. Thus,
our study also put considerable emphasis on the individual gene interactions, path-
way analyses, and valid literature to connect all the dots and support our results.
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Besides, this comprehensive analysis also ensures that our findings are meaningful
in a biological context.

4.4 Biomarker Identification

Evidently, incorporating biological relevance into the biomarker identification pro-
cess was inevitable. However, before carrying that out, narrowing down the feature-
selected dataset was crucial as studying every single gene identified by every model
would result in a tedious and inefficient analysis of around 300 genes. Therefore,
another layer of frequency-based weighted majority voting was adopted, where all
genes finally selected by all models were considered. However, genes selected by
ensemble models were given higher weight as these genes were consistently selected
across many folds, meaning that it was unlikely that these genes were chosen merely
by chance. On the contrary, since only the last fold feature sets of the single models
were considered, the chances of any gene being picked up by chance was considerably
high. The same was the case for the deep learning models. Thus, this voting system
was chosen.

The final feature set after the frequency-based weighted majority voting process
resulted in a ranking that put genes selected by all models first, followed by genes
that were selected by ensemble models and single models or ensemble models and
DNNs, and genes selected by ensemble models only; genes that were only selected
by 1 single model or DNN was discarded due to the random chance factor mentioned
above. The final check for biological relevance was carried out on this ranked feature
set.
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Chapter 5

Biological Validation and Model
Interpretability

5.1 Biological Validation and Functional Charac-
terization

Our robust feature selection method successfully identified 11 genes collectively using
ensembles and individual techniques. Given the fact that working with a small
patient cohort (N=11) has intrinsic limitations that make it challenging to prove
direct statistical significance. Therefore, it is crucial to show the biological relevance
of these 14 identified genes. To provide clinical validation, this section focuses on
describing the functional role of these genes and connecting them to the underlying
mechanism of BC, ICI therapy, and response to ICI.

5.1.1 Gene-Specific Biological Relevance:

The gene set determined by our model plays interrelated roles in cancers, immune
regulation, and the effect on ICI treatments. For instance, the nuclear enzyme
TOP2A has been identified by both ensemble and single models, and is highly rele-
vant in BC. Because a higher amount of TOP2A indicates a more aggressive cancer.
Recent studies also showcase that patients with a high level of TOP2A have less
chance of surviving [33]. Hence, blocking TOP2A reduced dissemination of cancer,
and thus identified as a prognostic biomarker for BC. Further investigation pre-
sented that TOP2A increases PD-L1, which helps cancerous cells evade the immune
system. Therefore, this implies that it is best to consider the TOP2A gene while
administering ICI therapy.

One of our crucial genes identified by our ensemble model is ZEB2, which is associ-
ated with poor prognosis. To further elaborate, ZEB2 has proven to protect BC cells
from DNA damage-induced apoptosis [56]. As a result, it promotes tumor develop-
ment. Aside from cancer progression, ZEB2 also plays a pivotal role in the immune
system. Because it is involved in a process known as epithelial-mesenchymal tran-
sition (EMT) [56]. This course of action faciliates cancerous cells to elude from the
immune system while contributing them to become more aggressive. Studies also re-
veal that when ZEB2 is highly expressed, it contributes to the progression of tumor
environment immunosuppressive [47]. In conjugation with this, ZEB2, in combi-
nation with other genes in a gene signature, was highly correlated with immune
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checkpoint inhibitors, such as CTLA-4, PD-1, PD-L1, and PD-L2 [47]. This yields
in treatment resistance to drugs like pembrolizumab, which makes ICI treatment
and other similar therapies ineffective.

Furthermore, genes, such as PTCHI, are involved in the Hedgehog (HH) signaling
pathway, and this potential biomarker was identified by both ensemble and single
models. This gene exerts a vital function in the (HH) pathway because it acts as
a key regulator that keeps the HH signaling turned off when there is no HH ligand
present [76]. A contemporary study found that HH signaling plays a pivotal role in
BC because the malignant cells from the bladder lining manifested continuous HH
signaling, and this HH activity was imperative for the cancer cells to mature [11].
Hence, the (HH) pathway can be blocked to lessen PTCH1 volume. To the contrary,
a further analysis demonstrated that a mutation in the PTCH1 gene permits an
enhanced response to ICI treatment in gastrointestinal and colorectal cancers [55]
[59].

Beyond that, the cholesterol regulator or HMGCR, gene (identified by both mod-
els), reveals that the rate of HMGCR greatly influences cancer progression owing
that higher HMGCR levels are linked to the growth and deterioration of BC [72].
Drugs that are employed to lower cholesterol levels, such as HMG CoA reductase
(HMGCR) inhibitors, commonly known as statins, may help aid in BC [72] [74]. To
further justify this, atorvastatin (ATO), when treated with ICI therapy, increased
the survival rate in lung cancer patients [50]. This denotes PTCH1 and HMGCR
genes ought to be treated accordingly before administering ICI treatment.

Another study aimed to see the level of UPK1B, a protein that regulates permeability
in bladder epithelial cells. UPKI1B promotes cancer cell growth and invasion by
activating the Wnt /S-catenin pathway [27]. To reinforce the reasoning, a high level
of UPK1B is often found in more advanced tumor stages, which suggests that BC has
spread to the lymph nodes and other parts of the body, resulting in poor prognosis.
This potential biomarker could only be identified by our ensemble model.
Consequently, the protein that functions in DNA repair, CDCAB, identified by both
mechanisms, promotes the growth of BC cells. This gene is upregulated in BC, which
implies that patients with high levels of CDCA5 have adverse survival outcomes. The
tumor promoting role of CDCAJ is validated through the augmentation of specific
proteins called CDC2 and Cyclin B1, and by stimulating the PI3K/AKT/mTOR
pathway [36]. In addition, CDCA5 increases PD-L1 levels on cancer cells; hence,
blocking both PD-L1 and CDCA5 terminated lung cancer cells from growing [64]
Other genes that contribute to the tumor microenvironment are known as CD248
(identified by both ensemble and single). Interestingly, these are predominantly
observed in the blood vessels around the tumor, and this biomarker also plays a key
role in the growth and development of BC cells. Again, patients with a high level of
CD248 experienced poor prognosis, as it is defined as an upregulated biomarker [46].
It is also suggested that a treatment that inhibits both PD-1 and CD248 performs
better against cancer, especially for individuals for whom merely blocking PD-1 is
ineffective [62].

Like many others, ACTL6A (identified by both ensemble and single) has been iden-
tified as a key determinant, with high expression associated with poor prognosis
among various malignancies [63].

Similarly, elevated levels of NORAD (identified by both ensemble and single) re-
sulted in limited survival rate, and lowering them improves survival ratios [24].
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Another study indicates that S100P (identified by both ensemble and single) is often
used as a marker when clinicians are unclear of the origin of a high-grade tumor
[22]. There is no clear evidence that shows S100P is responsible for the growth
and development of BC. but they constitute key takeaway in distinguishing where
the tumor is originated from when diagnoses are challenging. However, from this we
can infer that S100P is highly expressed in aggressive urothelial carcinoma. Besides,
studies also showcase that S100P is not limited to BC and can be found in other

cancers as well [22].

Lastly, our ensemble model also identified another strongly overexpressed gene called
TAGLN2. Studies demonstrated that TAGLN2 is a non-invasive biomarker for BC
detection, and it can further examine if cancer has spread to lymph nodes [15].

vated by DNA damage

Gene Name Symbol Functionality

DNA topoisomerase II | TOP2A A nuclear enzyme that controls the shape

alpha and structure of DNA during replication and
transcription.

Zinc finger E-box | ZEB2 DNA-binding transcriptional repressor that

binding homeobox 2 operates inside the nucleus and interacts
with SMAD protein.

Cell division cycle as- | CDCAbS A protein that functions in DNA repair and

sociated b chromatin attachment.

Patched 1 PTCH1 A receptor protein that is involved in con-
trolling the hedgehog signaling pathway.

Actin-like 6A ACTL6A A gene that produces an actin-related pro-
tein which is part of the BAF complex and
activates certain genes by opening up con-
densed DNA.

Transgelin 2 TAGLN2 Produces a transgeling-related protein that
can accurately detect tumors and may help
in determining if cancer has spread to lymph
nodes.

3-hydroxy-3- HMGCR An enzyme that regulates the body’s choles-

methylglutaryl-CoA terol production and is targeted by a drug to

reductase reduce cholesterol levels.

S100 calcium binding | S100P A calcium-binding protein which is linked in

protein P cell growth and differentiation.

CD248 molecule CD248 A protein-coding gene which is linked to
lymph node development, blood vessel cell
death, cell movement, it may also help cells
to bind to extracellular matrix.

Uroplakin 1B UPKI1B A cell surface protein that may help regulate
membrane stability and permeability in blad-
der epithelial cells, mainly found in bladder
cancer.

Non-coding RNA acti- | NORAD A long non-coding RNA activated by DNA

damage and aids in regulating cell stability.

Table 5.1: Overview of the identified genes
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Table 5.1 highlights the identified genes along with their gene symbols and function-
alities.

5.1.2 Functional Enrichment Analysis

To gain a holistic understanding of the biological relevance of the identified genes, we
conducted functional enrichment using the DAVID Bioinformatics Resource. This
enrichment enabled us to understand their combined effects while complementing
individual gene annotation. It also gives us a more in-depth understanding of their
biological significance, particularly in the context of BC and the outcome for ICI
treatment.

David Enrichment Analysis

Functional enrichment analysis was performed utilizing the Database (DAVID) Bioin-
formatics Resources, and 11 potential biomarkers (TOP2A, ZEB2, PTCH1, HMGCR,
UPKI1B, CDCA5, CD248, ACTL6A, NORAD, S100P, TAGLN2) were given as in-
put. Table 5.2 depicts the result derived from DAVID.

Term P-value (raw) | Benjamini-Hochberg FDR | Fold Enrichment
Ubl conjugation 0.0010 0.0048 4.02
Isopeptide bond 0.0016 0.0048 5.02
Phosphoprotein 0.0955 0.1910 1.51

Table 5.2: Statistical Summary of Enriched Functional Terms

Term Count | Genes
Ubl conjugation 7 TOP2A, ZEB2, CDCA5, PTCH1, ACTL6A, TAGLN2,
HMGCR

Isopeptide bond 6 TOP2A, ZEB2, PTCH1, ACTL6A, TAGLN2, HMGCR

Phosphoprotein 8 TOP2A, ZEB2, CDCA5, PTCH1, ACTL6A, CD248,
TAGLN2, HMGCR

Table 5.3: Functional annotation of genes based on enriched terms

Term: Specific functional annotation or pathway:.

Count: The number of genes associated with the term.

P-value: The probability of observing the analysis or enrichment by chance alone.
A lower value indicates stronger statistical significance.

Benjamini-Hochberg FDR (False Discovery Rate): The adjusted p-value that
controls for multiple testing errors. A value less than 0.05 suggests that that the
result is unlikely due to random chance.

Fold Enrichment: Indicates how strongly a term is overrepresented in the gene
list. A value greater than 1 means the term appears more frequently than expected
by chance.

Table 5.2 showcases the relevance of our identified gene set with the selected path-
ways while Table 5.3 highlights which genes are relevant to which pathway.
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Table 5.2 illustrates that ubl conjugation achieved an FDR of 0.0048, which is sta-
tistically significant and not likely due to chance. Additionally, fold enrichment
validates the claim even to a greater degree by highlighting a solid score of 4.02, and
this indicates that the genes related to ubl conjugation are 4 times more frequent in
the input gene list. Following this, the Isopeptide bond identified utilizing DAVID
further demonstrates strong statistical significance with an FDR of the same 0.0048
but a higher fold enrichment of 5.02. Although the phosphoprotein was markedly
enriched by the 8 genes, its FDR is 0.1910, which is borderline. Hence, in this study,
it did not receive significant consideration, unlike the other two terms.

Through DAVID integration, our research identified the Ubiquitin-like protein (Ubl)
conjugation pathway and the Isopeptide bond. Ubiquitin is a tiny protein present
in all eukaryotic cells that serves as a tag or label. Likewise, ubiquitin-like proteins
(Ubls) are a family of proteins that function similarly to ubiquitin. The process by
which the cell attaches specific tags (Ubl) to other proteins to govern the behavior
pattern is called Ubl conjugation. This system is crucial for marking proteins that
need to be destroyed, which is led by the proteasome. Furthermore, this intrinsic
tagging also involves the transfer of proteins to different parts of the cells or changing
the way they work. Due to this specialty, it helps in cell division, DNA repair, and
immune response to fight against cancer [14]. Therefore, we may conclude from the
enrichment analysis that the identified genes jointly participate in these fundamental
regulatory mechanisms.

Besides, some of these well-known ubl proteins are known as SUMO, NEDDS, ISG15,
and FAT10 [53]. Studies claimed that the misregulation of the NEDDS8 pathway, a
specific Ubl conjugation process, increases oncogenic mechanisms, which constitute
with cancer [9]. On that account, dysregulation of ubl has been implicated in various
diseases, including cancers [10]. Another study shows that PD-1 therapy works
better when NEDDS in TNBC is blocked [70]. So, targeting NEDDS8 could be a new
way to improve cancer treatment. Hence, we may conclude that ubl conjugation
is linked with response to immunotherapy. Consequently, this functional analysis
also identified another significant resurgence, which is the isopeptide bond, and it
has been identified between the 6 genes from the list. Recent studies also imply
that ubl binds to other proteins through the formation of this isopeptide bond [75].
Therefore, the biological significance derived in the context of BC and ICI therapy
is profound, suggesting that our gene list collectively contributes to pathways that
affect bladder cancer growth.

Integrated Biological Insights and Clinical Implications:

The comprehensive biological analysis of the 11 genes reinforces their relevance to
BC and supports their candidacy as potential biomarkers for ICI treatment. Several
genes, such as TOP2A, ZEB2, HMGCR, CDCAb, and CD248, are associated with
ICT treatment as they have established strong roles in immune modulation, tumor
aggressiveness, and checkpoint signaling. For instance, TOP2A is overexpressed in
BC and also upregulates PD-L1, which highlights its potential for pembrolizumab
therapy. Likewise, ZEB2 indicates a prospective function in resistance to ICI therapy
as it is coupled with immune evasion.

Correspondingly, research shows that inhibiting HMGCR with statins can enhance
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ICI treatment for many different types of cancers, which denotes its therapeutic rel-
evance in BC. Likewise, the survival response rate facilitated when CD248 and PD-1
considered together, again highlighting its application to BC treatment. Notably,
the gene CDCAS elevates PD-L1 expression and repairs cancerous cell DNA, which
reinforces its dual role in oncology. The functional enrichment analysis further re-
vealed significant pathways indicated by these potential biomarkers, which implies
that these potential biomarkers collectively shape the tumor microenvironment. For
instance, as ubls are designed to control the protein activity, they are linked to the
checkpoints such as PD-1/PD-L1/ and CTLA-4. So, misregulating these pathways
permits the cancerous cell to escape immune attack. Therefore, considering this
pathway further enables clinicians to observe who will benefit from the treatment.

5.2 Analysis and Comparison of Biomarkers with
DNNs

This study integrated DNNs to observe their potential in identifying possible biomark-
ers for BC response to ICI therapy. Although DNNs are well-renowned for their
ability to analyse complex datasets, their black-box nature and prone to overfit
make them less suitable for high-dimensional datasets with small patient cohorts
[55]. Therefore, to justify even further, our study incorporated DNNs to analyze the
contrast. The LOOCYV value obtained from the DNNs applied is shown in Table
5.4.

Model Mean LOOCYV Accuracy
Concrete Autoencoder 0.45
Deep Neural Network with L1 Regularization 0.54

Table 5.4: Mean LOOCYV accuracy of different deep learning models

Nevertheless, to strengthen the validity of our framework, we explored other strategic
modeling. Here, we incorporated two DNN frameworks: a deep neural network with
L1 regularization and a Concrete Autoencoder. Similar to ensemble and individual
models, these DNNs were evaluated using LOOCV. While both models select some
microRNA but research is still being done to observe the potential of microRNA as
biomarkers. Furthermore, we also observed that neither of the model could identify
any of the possible biomarkers, which denotes inconsistency in feature selection.
Hence, this feature selection strategy implies that DNNs are unable to handle high-
dimensional datasets with limited patient cohorts. Additionally, when compared
with ensemble-based feature selection methods, DNNs demonstrated lower stability,
lower variance, and inadequate biological interpretation, as a result making them less
reliable for this kind of research. In essence, DNNs may hold promising results for
biomarker identification; however, their limitation is sparse with high-dimensional
data and small patient cohorts.
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5.3 Interpretation and Explainability of Model Out-
put

In the realm of data science, where Al relies on clarity, our ensemble technique
enhances this by explicitly demonstrating how each feature is derived. This is par-
ticularly important in clinical fields, where physicians look for strong evidence before
administering any treatments. Furthermore, our models’ answers are easy to under-
stand and interpret, which makes them highly relevant in a biological context.

Selection of Biologically Meaningful Features

Firstly, through a rigorous ensemble-based feature selection process, this research
selects 11 genes which has been identified as potential biomarkers. As a matter of
fact, each of the identified genes has been shown in previous studies, which implies
our results are not based on random chance; they play key roles in human biology.
To elaborate, all of the mentioned genes are linked to oncologic pathways or immune
evasion. Besides, a portion of the genes were selected by both ensemble and indi-
vidual models, which suggests a strong stability. Research shows that genes, such
as TOP2A, ZEB2, PTCH1, CDCAS5, and CD248, is linked to BC, and these genes
play key roles either in immune suppression or tumor progression. Additionally, for
some genes, both catergory of intervention have been observed. In brief, our robust
techniques identified genes with deep biological significance that can be used for
potential pembrolizumab treatment guidance.

Clear Feature Selection Process

A complex architectural system of neural networks often makes it hard to elaborate
on how certain results have been achieved. Following that, our simple yet powerful
frequency-based majority voting system combined results from four different ensem-
bles and individual models (SVM-RFE, RF-RFE, MI, and LR-RFE). Furthermore,
when a gene is picked by the ensemble model, it is considered significant because
ensemble models combine the strength of multiple individual models, which results
in bias reduction, unlike individual models. Likewise, comparative analysis was
conducted with the genes selected by the individual models which further showcase
certain genes identified by individual models are also present in ensemble models.
Therefore, this transparent integration provides a vivid picture where researchers
can see the reasoning for choosing a certain gene, which enables the accurate ad-
ministration of ICI therapy.

5.4 Discussion

In the era of precision oncology, the core issue is not gathering data but deriving
elusive biomarkers for potentially efficacious therapeutic outcomes. This study re-
inforces the proposal and validation of precise biomarkers that serve as indicators
for ICI therapy response. The dataset utilized in this study was acquired from the
NCBI's GEO database, which comprises the BC cohort, specifically patients un-
dergoing pembrolizumab-based ICI therapy. The intention behind this study was
to demonstrate that ensemble-based feature selection can eliminate or diminish the
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effects of the “curse of dimensionality” and accurately identify potential biomark-
ers while mitigating the limitations of high feature counts and limited sample size.
Likewise, the framework provided in this study effectively confronts these issues.
One of the key aspects of this study is that it showcases that the ensemble feature
selection-based methods, such as SVM-RFE, RF-RFE, MI, and LR-RFE, perform
better than individual models. To make the argument even stronger, it was observed
that ensemble models demonstrated better results than deep learning models, such
as neural networks with L1 Lasso Regularization and Concrete Autoencoder. This
strong comparison with DNNs and singular models signifies that ensemble tech-
niques are well established and provide stable results. Furthermore, our ensemble
techniques achieved this stability through aggregation by using both a weighted and
unweighted frequency-based voting system. While this mechanism played a cru-
cial role in the robust performance, alongside this, strategic implementation, such
as incorporating nested LOOCV and Stratified K-fold CV, was instrumental, con-
tributing further to enhance the generalizability of the finding. Likewise, the nested
CV had a significant impact in mitigating the limitations of the dataset, with only
11 samples.

Over and above, through these strategic implementations, 30 genes from each model
were taken into account. Subsequently, whilst maintaining the priority of ensemble
feature selection high, the literature review-based approach was followed to find the
most relevant genes. Additionally, ensemble feature selection was given a priority
because features selected by the ensemble are chosen repeatedly across multiple it-
erations, unlike other techniques, resulting in more stable gene selections. Our anal-
ysis also reveals that ensemble feature selection outperforms complex architectures
like deep learning methods, particularly in resolving the “curse of dimensionality”.
Hence, our study underscores the significance of choosing the appropriate modeling
technique while considering the dataset rather than solely relying on a model’s ap-
parent level of sophistication and algorithmic strength. Instead, our model harnessed
the individual strengths and biases of each model using the ensemble approach to
select a final feature set for validation that was balanced and well-founded.

One of the key attributes of this study is the biological relevance of the potential
biomarkers. Through a robust feature selection strategy, we filtered 11 potential
biomarkers, which have prior literature on their effect on immune response and BC.
This further solidifies our claims that our ensemble technique is proficient in deriving
these important potential biomarkers from a high-dimensional dataset with a small
patient cohort. Similarly, this direct link plays a key role in patient stratification and
immune response to pembrolizumab. Furthermore, as TOP2A, CDCA5 is heavily
linked with PD-L1/PD-1 levels [60] [64], and ZEB2 is also found to be highly cor-
releated to PD-1/ PD-L1 [43], this implies that clinicians should consider TOP2A,
CDCA5, and ZEB2 expression levels when administering and during treatment du-
ration of ICI therapy, such as pembrolizumab, for BC patients. Conversely, while
the metrics analysed may provide suitable results, this study should be considered
exploratory and further investigation is required to solidify our claim.
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Chapter 6

Conclusion

6.1 Conclusion

This thesis presents a comprehensive machine learning framework for identifying
potential biomarkers in BC patients, with a focus on predicting patient response to
pembrolizumab-based ICI therapy. By leveraging both a weighted and unweighted
frequency-based majority voting system, which is classified as an ensemble technique,
this research identified 11 potential biomarkers. In this study, models such as SVM-
RFE, RF-RFE, MI, and LR-RFE have been incorporated in both ensemble and
single forms. Additionally, DNNs have been incorporated to assess the performance,
which have historically shown to be more precise. Despite this, our study highlights
that ensemble techniques are superior when the dataset contains a small patient
cohort (N=11) with an exorbitantly high number of features (f=70,523). This study
also addressed bias through the cooperation of nested LOOCV and Stratified K-fold
CV and weighted and unweighted frequency-based majority voting, which enhanced
the models’ generality and provided realistic performance estimates. Furthermore,
biological validation revealed that there is strong correlation between the identified
genes and immune response pathways, suggesting the performance to be much better
than what the metrics would suggest.

6.2 Limitations and Future Studies

Although our thesis successfully showed the superiority of ensemble models in cir-
cumstances where the patient cohort is small and high-dimensional, further research
is needed to assess the model’s generalizability in the case of high patient cohorts.
In addition, even though the incorporation of nested LOOCV and Stratified K-fold
CV reduces bias, it also increases variance, especially with such a small dataset, and
this impacted the way the performance metrics had to be observed. This implies
that research involving small patient samples and high-dimensional genetic data re-
quires new metrics for assessment, as this type of data is scarce. In conclusion, our
thesis addressed the research gap by selecting relevant biomarkers for BC patients
in response to ICI therapy.
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