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ABSTRACT

Complex diseases such as diabetes, Alzheimer's, and cancer are influenced by a combination
of genetic, lifestyle, and environmental factors that do not follow straightforward inheritance
patterns. Biological systems are immensely complex and heterogeneous. To resolve the
enigmas surrounding these systems, extensive research provides huge amounts of biological
data. In this thesis and in our first study, a novel approach called GediNET was developed
to integrate prior biological knowledge into disease-associated gene groups. GediNET
employs a Grouping, Scoring, and Modeling (G-S-M) approach to identify top-performing
gene groups, which are then used to train a machine-learning model. Following the data
exploration and preprocessing steps, various classification models were built with 100-fold
Monte Carlo Cross-Validation, and the performance of these models was evaluated. By
applying Disease-Disease Association (DDA) based machine learning, GediNET uncovered
new relationships between diseases, improving diagnosis, prognosis, and treatment
approaches. In the second study, GediNETPro, an advanced version of GediNET, was
developed. This version utilizes Cross-Validation (CV) information and clustering
techniques, such as K-means, to identify patterns of disease group associations. GediNETPro
provides visualization tools, like heatmaps and in-depth analysis of disease group clusters,
offering insights for developing effective diagnostic interventions. The third study leveraged
molecular-level data to develop effective methods for predicting Disease-Disease
Associations (DDAs). A statistical technique was developed by employing the G-S-M-P
model of GediNETPro to compute semantic similarity metrics between diseases. The
semantic approach detects representative diseases within clusters and establishes a semantic
relationship between the disease under investigation and other diseases. The studies
presented in this thesis contribute to understanding disease complexity, uncovering disease
associations, and identifying potential biomarkers and drug targets.

Keywords: Biological Knowledge Integration, Gene Expression, Disease—Disease
Association (DDA), Machine Learning, Feature Selection, Grouping, Scoring, and Modeling
(G-S-M) approach, Cross-Validation, K-means clustering, Heatmap, Heterogeneity, Monte-
Carlo Cross-Validation, Semantic Relationship.
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CHAPTER ONE

INTRODUCTION

This study aims to uncover disease associations using novel approaches by integrating pre-
existing biological knowledge, feature selection, and machine learning algorithms. It also
focuses on leveraging molecular-level data to predict disease-disease associations and
establish semantic relationships, contributing to advancements in disease understanding,
biomarker identification, and improved diagnosis and treatment approaches. This chapter
provides an overview of the study's background, research challenge, aims, significance, and
scope.

Detecting disease-disease associations (DDAS) is essential for advancing research in
medicine and systems biology, as it provides valuable insights into the complex relationships
between different diseases. However, the heterogeneous nature of biological data sources
presents challenges for identifying meaningful disease associations. Traditional approaches
often focus on individual genes or biomarkers, overlooking the broader context of disease
interactions and shared biological mechanisms. This traditional approach neglects the
intricate biological context surrounding diseases, hindering the identification of potential
therapeutic targets and interventions. A computational tool is needed for integrating pre-
existing biological knowledge and molecular-level data, while also addressing
semantic associations and capturing the variation within disease groups. Such a tool would
provide a more comprehensive understanding of disease associations and facilitate the
discovery of novel insights.

Machine learning algorithms and feature selection methods have been frequently used in
recent years to pinpoint genes associated with particular diseases. While these approaches
have shown promise in biomarker discovery, there is an increasing acknowledgment of the
significance of an integrative approach incorporating prior biological knowledge into
machine learning to enhance the discovery process. By incorporating existing knowledge,
such as gene-disease associations, pathways, and functional annotations, researchers can
leverage the collective information to gain a more holistic understanding of disease
associations.

This research is important because it has the potential to reveal hidden associations across
diseases, provide insights into common biological processes, and facilitate the creation of
improved diagnostic and treatment approaches. This thesis can significantly advance our
understanding of disease associations and contribute to translational research efforts by
considering the broader context of disease interactions and incorporating prior biological
knowledge.



1.1 Research Problem

Genetic, lifestyle, and environmental factors exert a significant influence on the development
of complex diseases that display a deviation from straightforward inheritance patterns.
Biological systems, known for their immense complexity and heterogeneity, pose substantial
challenges in unraveling their mysteries. Extensive research efforts are undertaken to tackle
these challenges, generating vast volumes of valuable biological data. Gene expression data-
targeted research tries to find disease-associated genes that may be used to identify new
biomarkers (X. Wang et al., 2011). These gene expression patterns can have diagnostic,
prognostic, or therapeutic values in complex diseases like cancer (B. Chen et al., 2016).

As high-throughput technologies progress, large transcriptome datasets become available,
making it increasingly challenging to glean insights from extensive lists of differentially
expressed genes. Besides, the cost of acquiring a sample's gene expression profile is
decreasing rapidly (Hasin et al., 2017). As a result, expression profiling, the subject of this
thesis, has become a standard practice in biological laboratories. As these data are frequently
acquired from a small number of samples, dealing with multidimensional biological data is
a hard problem. The dimensions of a gene's characteristics are crucial input factors, and a
predefined number of samples is necessary to estimate or learn various functions. Of course,
a larger sample size enhances the accuracy of a prediction (Bellman, 1961). Gene selection
and removal of duplicated or unnecessary genes are crucial for addressing this issue.

The majority of feature selection techniques for the analysis of gene expression data choose
genes only based on expression values. Their foundation lies on statistics and machine
learning. Biological knowledge is utilized at the conclusion of the research to gain biological
insights, confirm the initial findings, or do enrichment analysis (Ben-dor, 2002; Bittner et
al., 2000). The traditional method of gene selection has various limitations. They assess the
importance of each gene individually without taking into account its interconnections and
interactions. They assess the importance of each gene individually without taking into
account its interconnections and interactions. The primary drawbacks of such approaches
are their biological interpretation challenges and their inability to generate new biological
information (Fang et al., 2014).

The incorporation of pre-existing biological knowledge into gene selection has replaced
data-driven approaches in recent times. Integrative gene selection methods include pre-
existing knowledge from external biological resources, enhancing interpretability and
predictive performance (Bellazzi & Zupan, 2007; Fang et al., 2014). Although specific
integrative systems already combine different biological data sources, most use
unsupervised learning techniques to identify regulatory modules and regulatory motifs
instead of feature selection or disease classification (Elati & Rouveirol, 2010).

Since biological systems are complex and interrelated, a model trained on a specific dataset
can only utilize a small portion of all available scientific information. To get a
comprehensive understanding of molecular biology and health care, it is necessary to
integrate multiple biological resources, such as pre-existing biological knowledge and multi-
omics data. Thus, we can formulate the research questions as follows:

How to integrate pre-existing biological knowledge associated with diseases (disease genes
are a group) into a machine learning framework and perform feature selections as groups to
detect the most important disease genes?



1.2 Research Objectives

In this section, the study outlines its general and specific objectives, which were formulated
based on the problem statement provided earlier. The study objectives are outlined as
following:

This project aims to develop a platform that integrates gene-disease associations to improve
the detection of disease-disease associations, molecular disease biomarkers, and the
discovery of targeted therapies. Our tool, GediNET, is developed to accomplish
this purpose. This novel method integrates pre-existing biological knowledge about the
disease to enhance feature selection in classification tasks and reveal hidden patterns related
to the gene-disease association. GediNET is a machine learning method that utilizes the
Grouping, Scoring, and Modelling (G-S-M) approach, developed by Yousef and his
colleagues (Yousef et al., 2020). To analyze gene expression data, the method utilizes
DisGeNET (Pifiero et al., 2017), an external biological knowledge database that contains
associations between genes and diseases. The GediNET analysis promotes a global picture
by enabling a deeper comprehension of the information flow underlying the data under
study. Besides, GediNET is unique because it makes finding meaningful relationships
between the specific disease under research and other diseases possible. GediNET identifies
these relationships through Disease-Disease Association (DDA) based machine learning.
The necessity of examining new disease associations and expanding our understanding of
disease connections has led to a recent increase in interest in various initiatives aimed at
establishing DDA. These studies have the potential to enhance methods for diagnosing,
treating, and prognosing diseases. There are very few reliable and recognized DDA. As a
result, it implies that more effort is needed to detect DDAs (Suratanee & Plaimas, 2015).

The specific objectives of the study are:

1. To develop a machine learning approach, named GediNET, based on the Grouping,
Scoring, and Modelling (G-S-M) framework, to integrate pre-existing biological knowledge,
and enhance feature selection in classification tasks.

2. To use DisGeNET, an external biological knowledge database containing gene-disease
associations, to analyze gene expression data within the GediNET framework.

3. To promote a global perspective by enabling a deeper comprehension of the information
flow underlying the analyzed data and uncovering hidden patterns related to gene-disease
associations.

4. To enhance the detection of molecular disease markers by integrating gene-disease
associations into the GediNET platform.

5. To identify meaningful relationships between the specific disease under research and other
diseases through Disease-Disease Association (DDA) based machine learning within the
GediNET framework.

6. To contribute to the disease research field by exploring novel associations and enhancing
the knowledge of disease relationships through the detection of DDAs.

7. To enhance disease diagnosis, and treatment methods by broadening the knowledge of
disease connections and contributing in the discovery of target therapies.

These specific objectives collectively contribute to achieving the general objective of
developing GediNET and its application in enhancing the understanding and management
of complex diseases.



1.3 Research Relevance

The relevance of this research covers multiple sectors, offering significant benefits to the
biomedical and healthcare community by providing GediNET, a tool that integrates existing
biological knowledge with machine learning to enhance gene-disease association detection.
This occurrence can facilitate the identification of innovative biomarkers and therapeutic
targets, thereby promoting the progress of disease diagnosis, treatment, and enhancing the
quality of patient care. GediNET's capacity to uncover hidden patterns in diseases can help
with the creation of customized treatment regimens, thereby personalizing healthcare in the
context of precision medicine and personalized treatment. Within the pharmaceutical sector,
the utilization of GediNET holds the potential to optimize drug development by facilitating
the identification of novel therapeutic targets. This, in turn, allows pharmaceutical
companies to concentrate their efforts on promising drug candidates and accelerate the whole
process of drug discovery.

Moreover, the GediNET method has the potential to yield significant advantages for the
academic and research domains. It can provide vital insights into the associations between
genes and diseases, hence stimulating further investigations into the intricacies of various
diseases. The insights offered by GediNET can additionally inform healthcare policy and
decision-making, thereby assuring the effective allocation of resources towards addressing
specific disease correlations. Enhancements in diagnostic tools, risk assessment, and
treatment options are anticipated to result in improved healthcare outcomes and enhanced
patient well-being for both patients and healthcare professionals. GediNET results can be
used by disease foundations and advocacy groups to determine possible therapeutic targets
associated with particular disease priority areas.

This study has important consequences for understanding diseases and encourages new
approaches for disease diagnosis, treatment, and management. The technology is
strategically situated to provide a beneficial influence within the realms of science, medicine,
pharmaceuticals, and healthcare, representing notable advancements in comprehending,
diagnosing, and treating diseases. The research holds the potential to provide positive
outcomes for various stakeholders, ultimately contributing to the well-being of patients and
society as a whole.

1.4 Significance of the study

The thesis has significance as it helps to enhance our comprehension of intricate diseases
and their associations with each other. The following points highlight the significance of the
thesis:

1. Search for Significant Biomarkers/Genes: GediNET's emphasis on gene groups rather
than individual genes in the search for significant biomarkers brings several advantages. By
considering gene groups, GediNET considers the intricate interactions and synergistic
effects among genes, providing a more comprehensive understanding of their collective
contribution to disease development and progression. This approach can uncover hidden
associations and reveal novel biomarkers that may have been overlooked in traditional
single-gene analyses. GediNET enhances the accuracy and reliability of biomarker
identification by focusing on gene groups, paving the way for more targeted and effective
diagnostic and therapeutic strategies.



The application of GediNET in biomarker identification is especially important for diseases
like cancer, where early detection and accurate therapy are essential. In Alzheimer’s disease,
GediNET may discover groups of genes linked to early-stage pathophysiological alterations,
thereby facilitating the creation of early intervention strategies. In cancer research, GediNET
may identify novel biomarkers for cancer subtypes, perhaps resulting in more targeted and
effective therapy alternatives. By finding these biomarkers, GediNET enhances the
comprehension of disease mechanisms and paves the way for the advancement of diagnostic
tests and therapeutic strategies.

2. Defining New Disease-Disease Associations: The final list of genes generated by
GediNET not only serves as potential biomarkers but also enables the exploration of new
disease-disease associations. By leveraging DDA-based machine learning, GediNET
uncovers meaningful relationships between previously unknown or not extensively studied
diseases. The finding of new disease association improves our comprehension of disease
relationships, making it easier to identify common biological mechanisms and shared
pathways. These findings can lead to major implications, such as creating comprehensive
treatment strategies, discovering new targets for therapy, and the possibility of using current
drugs for other diseases.

3. Revealing Marker Impact and Interactions: GediNET's scoring algorithm creates high and
low-scoring groups, offering valuable insights into the impact of markers on disease
mechanisms. At the single omics level, the analysis of high-scoring groups highlights the
individual marker's significance and its potential role in driving disease processes.
Conversely, low-scoring groups shed light on markers that may play a lesser role or have a
minimal impact. Moreover, at the multi-omics level, the interaction of markers within high-
scoring groups provides a deeper understanding of how these markers collaboratively
contribute to disease mechanisms, offering valuable clues for designing targeted
interventions and personalized treatment strategies.

4. Prognostic Analysis: GediNET enables the evaluation of the predictive value of top gene
groups and individual genes by utilizing survival time and clinical status data from gene
expression datasets. By integrating clinical outcomes, GediNET facilitates the identification
of gene signatures and gene groups that correlate with disease prognosis. This information
can be used to develop robust predictive models, enabling clinicians to assess patient
outcomes, predict disease progression, and make informed decisions regarding treatment
strategies. The predictive insights gained from GediNET's analysis have the potential to
improve patient management, enhance risk stratification, and guide personalized therapeutic
interventions.

5. Hub Genes and Modules in Network Analysis: GediNET's identification of top-scored
genes provides a valuable resource for network analysis. With their high significance in the
context of disease, these genes can be considered hub genes within biological networks.
Their central position in the network suggests their crucial roles in disease-related pathways
and molecular interactions. The top-scored gene groups can also be treated as hub modules,
representing functionally related sets of genes intricately involved in disease mechanisms.
The p-values generated by GediNET offer an opportunity to incorporate them as weights in
weighted correlation network analysis, enabling a more refined and accurate assessment of
gene co-expression patterns and network properties. This comprehensive network analysis
can unravel complex molecular interactions, identify critical regulators, and provide insights
into the underlying biological processes driving disease progression.



6. Versatile Tool for System-Level Understanding: GediNET, recommended as a versatile
tool in this study, significantly contributes to the system-level understanding of cellular
behaviors by integrating pre-existing biological knowledge. By incorporating external
databases such as DisGeNET, GediNET harnesses the wealth of biological knowledge and
integrates it with molecular-level data. This integration allows researchers to bridge the gap
between individual genes and their biological context. GediNET's ability to enhance the
comprehension of cellular behaviors facilitates the identification of critical biological
pathways, promotes the discovery of new therapeutic targets, and opens avenues for
developing innovative treatment approaches.

7. Current Limitations in Personalized Medicine: Personalized medicine presently
encounters considerable obstacles, especially regarding biomarker validity, the intricacy of
disease causes, and the tailoring of therapeutic approaches. GediNET mitigates these
constraints by amalgamating extensive biological information with sophisticated machine
learning methodologies to improve the identification and confirmation of disease-related
gene groups. This method enhances the precision of biomarker discovery and aids in
comprehending intricate disease interactions at the molecular level. GediNET's capacity to
discern interrelated biomarkers across many ailments can enhance the comprehension of
comorbidities in diseases such as diabetes and cardiovascular disorders, resulting in more
efficacious multi-target therapies.

In summary, the significance of the thesis extends to various aspects, including identifying
biomarkers, discovering disease associations, understanding marker impact and interactions,
predictive analysis, network analysis, and enhancing system-level understanding. The
multidimensional contributions of GediNET and the research presented in this thesis have
the potential to revolutionize disease research, diagnosis, and treatment, ultimately
benefiting patients and improving healthcare outcomes.

1.5 Motivation

The primary motivation behind this study is to comprehensively understand the intricate
networks of gene-disease associations and the interconnected links between diseases. These
aspects play a crucial role in the advancement of biomedical science. As we explore the
enormous amount of genetic data made available by high-throughput gene expression
technologies, we are faced with the task and potential to extract profound discoveries that
have the capacity to revolutionize our comprehension of human health and disease.

The intellectual motivation behind the pursuit of this thesis stems from its potential to make
novel contributions in medicine and customized healthcare. The exploration of complex
relationships between genes and diseases is a primary focus of this research, offering the
potential to provide personalized treatment approaches and diagnostic methods. This
undertaking is in accordance with the overarching goal of shifting away from standardized
medical interventions towards personalized treatment strategies that are closely influenced
by the patient's own genetic composition.

Concurrently, our study is driven by the prospect of revolutionary findings in the domain of
disease-disease associations. These findings can reshape our understanding of comorbidities
and the interconnected mechanisms underlying diseases, providing a fresh perspective for
examining and tackling the complex nature of human ailments. The motivation to offer
innovative approaches and knowledge to the scientific community in the fields of



bioinformatics and systems biology enhances the academic drive, consequently improving
the continuing discourse.

Furthermore, the foundation of this concept is rooted in a social drive to effectively influence
healthcare outcomes in a good manner. This research aims to address the gap between huge
genetic databases and practical healthcare insights, with the goal of informing public health
policy, improving clinical decision-making, and promoting a predictive, preventative, and
participative approach to medicine.

The G-S-M (Grouping, Scoring, and Modeling) approach of GediNET presents a novel way
for detecting disease-disease associations (DDASs), setting it apart from conventional
approaches that mostly emphasize direct gene-disease relationships. The G-S-M framework
creates grouped gene sets across different diseases, which makes it easier to find intricate
inter-disease interactions than traditional methods that examine individual genes in isolation.
This not only improves the model's capacity to detect possible biomarkers but also reveals
novel opportunities for therapeutic intervention. The 'Grouping' stage categorizes genes
according to common disease associations, 'Scoring' assesses these clusters to ascertain their
significance and impact on disease outcomes, and 'Modeling' utilizes the highest-ranked
gene groups to develop predictive models, combining machine learning with comprehensive
biological insights.

Recent studies, such as Yao et al. (Yao et al., 2024), provide empirical evidence for the
integration of biological insights with machine learning, demonstrating that machine
learning techniques applied to integrated gene-disease networks revealed possible novel
biomarkers for Alzheimer’s disease. Wang et al. (Z. Wang et al., 2023) employed a
comparable methodology to elucidate critical pathological pathways in cancer progression,
highlighting the capacity of these techniques to improve diagnostic precision and inform the
creation of targeted therapeutics. These examples offer empirical validation for the G-S-M
framework's capacity to enhance our comprehension of intricate disease relationships and
treatment prospects.

The primary objective of this academic investigation is two-fold: firstly, to advance the
scientific comprehension of gene-disease and disease-disease connections to unprecedented
levels, and secondly, to use these discoveries in a practical manner that yields tangible
advantages for both individual patients and the wider healthcare domain.

1.6  Scope of the Study

Through this study, we aim to create and test GediNET, a new computational tool for
combining biological knowledge and molecular-level data to improve feature selection in
classification tasks and find hidden patterns in the gene-disease association. The study
analyzes gene expression data of complex diseases such as diabetes, Alzheimer's, and cancer.
Various topics and theories will be discussed, including the Grouping, Scoring, and
Modeling (G-S-M) approach employed by GediNET, using DisGeNET (Pifiero et al., 2017)
as an external biological knowledge database, Disease-Disease Association (DDA) based
machine learning, and the impact and interaction of markers involved in disease mechanisms
at the single omics and multi-omics levels.

The study carefully identifies gene-disease associations with an emphasis on complicated
disorders like diabetes and Alzheimer's. These diseases are chosen because of their



prevalence and genetic influence on their progression and therapy. The use of public gene
expression databases like GEO (Barrett et al., 2013), TCGA (Tomczak et al., 2015a), and
DisGeNET (Pifiero et al., 2017) limits the coverage. These databases are rich in data, yet
they have constraints including data quality, completeness, and sample representativeness.
These considerations can affect findings generalizability.

Sample size and processing demands make high-dimensional data handling difficult. The
study used datasets with a high number of features (genes) relative to samples, requiring
sophisticated statistical methods and computational algorithms for meaningful analysis.
Dimensionality reduction, robust statistical approaches, and huge dataset-handling machine
learning algorithms are used to address these issues. The computational intensity needed to
handle and model these data is high, thus the results must be recognized within these
computational and methodological limits.

1.7 Methodology

Our methodology progresses from the development of the original GediNET framework to
its advanced version, GediNETPro. GediNET lays the foundation by sourcing gene
expression data and disease-gene associations to identify potential biomarkers and infer
disease-disease associations. This process is critical for understanding disease mechanisms
and guiding personalized medicine.

GediNET employs the G-S-M approach, starting with the "G" component to group genes
based on associations from the DisGeNET database. The "S" component then scores these
groups based on differential expression, utilizing statistical measures and machine learning
classifiers like Random Forest within a cross-validation framework. The "M" component
consolidates these efforts by training a model on the top-scored gene groups, with a
subsequent evaluation on a testing set.

The Grouping-Scoring-Modeling (G-S-M) approach integrates gene-disease associations to
improve disease network identification and analysis, making it an innovative bioinformatics
approach. The G-S-M framework groups genes based on shared disease associations from
comprehensive databases like DisGeNET using a sophisticated grouping algorithm.
Traditional techniques frequently investigate genes in isolation or use simplistic disease
relationships. This explores intricate gene relationships and makes gene groupings more
biologically relevant.

The scoring component of GediNET uses powerful statistical models to assess each gene
group's impact on certain diseases. Prioritizing gene groups by predictive power and disease
phenotype relevance improves the model's accuracy. The scoring process uses established
and unique measures to quantify each gene group's contribution before machine learning
modeling.

Monte Carlo cross-validation (Xu & Liang, 2001) is used throughout the investigation to
verify the GediNET framework's efficacy and resilience. The model is validated using
numerous random subsamples, guaranteeing that the results are reproducible and resilient to
data sampling and distribution. In high-dimensional data, this validation technique reduces
overfitting and improves reliability and generalizability. Monte Carlo cross-validation shows
our dedication to rigorous scientific methods and boosts trust in the G-S-M framework's
robustness and applicability.



Building on this, GediNETPro (Qumsiyeh et al., 2023a) introduces significant
enhancements, particularly the "P" component, which employs rank aggregation and K-
means clustering within a Monte Carlo cross-validation loop to uncover hidden patterns and
deeper insights into disease associations. This sophisticated approach involves repeated
random sub-sampling to prevent overfitting, managing the imbalanced datasets through
under-sampling. Model performance is meticulously evaluated using accuracy, sensitivity,
and specificity metrics across multiple iterations. The GediNETPro (Qumsiyeh et al., 2023a)
workflow is thus a multi-faceted approach that integrates data acquisition, preprocessing,
scoring, and machine learning to facilitate a comprehensive analysis of disease associations,
ultimately aiming to propel the field of bioinformatics into new frontiers of disease
understanding and treatment discovery.

Later, we introduce a novel statistical method within a Grouping-Scoring-Modeling
framework to calculate semantic similarity between a target disease and other diseases,
supplemented by Jaccard similarity for comparing disease groups. Leveraging GediNETPro
(Qumsiyeh et al., 2023a), the research captures the relative importance of disease groups
through a ranking system over numerous Monte Carlo cross-validation iterations. Clusters
of diseases are then formed using K-means clustering, with the most significant clusters
identified by the lowest average rank scores. These clusters are further analyzed using a
semantic approach to uncover deeper disease relationships, and diversity measures like the
Jaccard index to validate these semantic connections.

The use of databases like DisGeNET (Pifiero et al., 2017), GEO (Barrett et al., 2013), and
TCGA (Tomczak et al., 2015a) enhances our research with comprehensive genomic and
clinical data; nonetheless, it is essential to recognize the inherent limits resulting from the
possible overrepresentation of specific genes and diseases. This bias may distort predictive
modeling and impact the generalizability of the study results. To address these biases, our
methodology incorporates data normalization and the integration of supplementary datasets
to ensure balanced representation of genes and diseases. Moreover, sophisticated statistical
methods like robust rank aggregation (Kolde et al., 2012) are utilized to prevent the results
from being skewed by overrepresented data points, hence improving the reliability and
applicability of our conclusions. This methodology enhances our ability to unravel disease
networks, potentially informing more effective treatment approaches, particularly when
considering non-genetic disease factors.



CHAPTER TWO

BACKGROUND

The background chapter provides a comprehensive exploration of the datasets,
methodologies for data processing, approaches for feature selection, and the machine
learning classifiers that form the foundation of our research. It begins with a detailed
presentation of the gene expression databases retrieved from the GEO database, laying out
the process of data selection, normalization, and preparation that makes them fit for analysis.
The chapter proceeds to explore the DisGeNET disease-gene association dataset, a pivotal
resource for understanding the genetic underpinnings of disease. In addition, we conduct a
thorough examination of the TCGA dataset, specifically emphasizing its gene expression
data in the context of breast cancer research. In addition to data curation, this chapter also
presents advanced feature selection approaches that are used to enhance our dataset, ensuring
that only the most important features are utilized to inform the prediction models. The final
section of the chapter focuses on providing an exposition of the several machine learning
classifiers utilized in this study. It elaborates on their functioning, the reasoning behind their
selection, and their contribution to the advancement of our investigation. This chapter serves
the dual purpose of establishing the foundation for our investigation and outlining the
methodological framework that directs our journey towards knowledge acquisition.

2.1 Datasets and Data Processing

2.1.1 GEO Gene Expression Datasets:

This thesis examined various gene expression databases within the "GEO database," which
stands for the Gene Expression Omnibus (GEO) database. The Gene Expression Omnibus
is a public archive for functional genomics data managed by the National Center for
Biotechnology Information (NCBI), which is part of the National Library of Medicine
(NLM). The GEO database stores high-throughput gene expression data such as microarray
and next-generation sequencing data, along with additional functional genomics data
including ChlIP-seq and SNP array data.

Researchers and scientists use GEO to store and retrieve a vast array of experimental data
related to gene expression and molecular biology. This vast and varied accumulation of data
enables researchers to perform data analysis, compare gene expression patterns, and make
discoveries regarding gene function and regulation across a spectrum of biological
conditions and disease states. Through the NCBI website, we have accessed the GEO
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database and its associated tools, allowing us to search, obtain, and analyze the data for our
research projects. Usually, researchers process and normalize their data before making it
accessible to the public and comparable to other datasets.

In this thesis, we downloaded 10 human gene expression datasets for different types of
complex diseases. For each dataset, the name of the disease and the number of samples were
defined. Moreover, positive and negative samples were available. Table 2.1 describes the 10
datasets in more detail.

Table 2.1: Description of the 10 datasets used in the study. Each entry has the GEO
accession, the name of the disease, the number of samples, and the data classes.

GEO Title Disease #Samples Classes

accession
GDS1962 | Glioma-derived stem cell factor effect Glioma 180 negative = 23
on angiogenesis in the brain positive = 157
GDS2545 | Metastatic prostate cancer (HG-U95A) | Prostate cancer 171 negative = 81
positive = 90
GDS2771 Large airway epithelial cells from Lung cancer 192 negative = 90
cigarette smokers with suspected lung positive = 102

cancer

GDS3257 Cigarette smoking's effect on lung Lung 107 negative = 49
adenocarcinoma adenocarcinoma positive = 58
GDS4206 | Pediatric acute leukemia patients with Leukemia 197 negative = 157
early relapse: white blood cells positive = 40
GDS5499 Pulmonary hypertension: PBMCs Pulmonary 140 negative = 41
hypertension positive = 99
GDS3837 Non-small cell lung carcinoma in Lung cancer 120 negative = 60
female nonsmokers positive = 60
GDS4516_ 47| Colorectal cancer: laser microdissected | Colorectal cancer 148 negative = 44
18 tumor tissues positive = 104
GDS2547 | Metastatic prostate cancer (HG-U95C) | Prostate cancer 164 negative = 75
positive = 89
GDS3268 | Colon epithelial biopsies of ulcerative Colitis 202 negative = 73
colitis patients positive = 129

2.1.2 DisGeNET disease-gene association dataset:

DisGeNET is a comprehensive database that contains information on the relationships
between genes and human disorders. This is a helpful resource for academics and medical
professionals who want to comprehend the genetic foundation of disorders and investigate
potential disease-related genes. DisGeNET collects and integrates information from various
sources, including scientific literature, genome-wide association studies and other databases.
The data in DisGeNET are curated and mapped to standardized identifiers, enabling easy
cross-referencing and integration with other genomic and biomedical databases (Pifiero et
al., 2017).
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The database includes information on:

1. Gene-Disease associations: DisGeNET provides information about known associations
between specific genes and various human diseases. Evidence from the scientific literature
and other sources of experimental data supports these associations.

2. Disease-Disease Associations: DisGeNET also catalogs relationships between different
diseases. This information helps researchers identify potential comorbidities or shared
genetic factors among different diseases.

3. Variant-Disease Associations: DisGeNET contains information on the connections
between genetic variations (such as single nucleotide polymorphisms, or SNPs) and diseases,
offering understanding into the genetic variables that increase the risk of certain diseases.
4. Drug-Disease Associations: DisGeNET also contains information on drug-disease
relationships, helping researchers identify potential drug candidates or repurposing
opportunities for specific diseases.

The data in DisGeNET is regularly updated and curated to ensure accuracy and relevance. It
is accessible through a user-friendly web interface, allowing researchers to search, browse,
and download gene-disease association data.

In this thesis, the dataset containing genes and their associated diseases was downloaded
from DisGeNET version 7.011. The dataset contains 30,170 diseases and 21,666 genes that
form 3,241,576 gene-disease connections. Given the massive dataset size, two filters were
used to reduce the number of associations in terms of practicality and computational
complexity. The filters were set on the columns diseaseType and diseaseSemanticType in
the DisGeNET dataset. The diseaseType column divided the data into three categories—
disease, phenotype, and group—and we only chose disease as concerning for our study. On
the column diseaseSemanticType, we only chose those rows categorized as Neoplastic
Process and Disease. This was done to increase compatibility and better understand the
workflow results. After filtering, only 15,991 genes and 3929 diseases remained for further
analysis, which accounted for 329,936 gene-disease associations. Figure 2.1 illustrates a
portion of the disease distribution over the number of genes for associated with each disease.
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Figure 2.1: A part of the DisGeNET dataset histogram frequency plot. It shows the number
of genes associated with each disease, where the X-axis is the disease name, and Y-axis is
the number of genes.
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2.1.3 TCGA dataset:

We utilized the Cancer Genome Atlas - Breast Invasive Carcinoma (TCGA-BRCA)
(Tomczak et al., 2015b) dataset from the Genomic Data Commons, which is managed by
the National Cancer Institute. We analyzed gene expression (MRNA) datasets with reads
aligned to GRCh38, obtained from Xena Public Data Hubs for analysis (Goldman et al.,
2020). The dataset included 302 positive class samples and 247 negative class samples, and
was refined for Luminal A, Luminal B, HER2-enriched, and Basal-like intrinsic subtypes.
The molecular intrinsic subtype classes in the BRCA dataset were identified by the
utilization of the PAM50 assay (Prediction Analysis of Microarray 50). This test relies on
50 gene signatures to categorize samples into various molecular subtypes (Parker et al.,
2009). The gene expression raw counts were normalized using the Trimmed Mean of M-
Values approach from the edgeR Bioconductor package (Robinson et al., 2010). The dataset
contained 21,839 genes.

Uniform normalization methods are employed to guarantee consistent and precise
comparisons across various datasets, including those from GEO (Barrett et al., 2013), TCGA
(Tomczak et al., 2015b), and DisGeNET (Pifiero et al., 2017). The Trimmed Mean of M-
Values (TMM) (Robinson et al., 2010) normalization for TCGA data compensates for
compositional differences among libraries. Normalization of GEO datasets is performed
during preprocessing to equalize gene expression levels across samples, enabling precise
cross-sample comparisons and analyses.

For DisGeNET (Pifiero et al., 2017), which offers gene-disease association data instead of
gene expression levels, we standardize gene-disease linkages by normalizing the frequency
of correlations in relation to the incidence of diseases and genes within the dataset. This
normalization facilitates fair comparison of gene-disease association intensities across
various situations and studies.

Mitigating class imbalance is essential in disease classification research, particularly in
datasets characterized by unequal class distribution. We employed under-sampling (Bach et
al., 2019) to equilibrate the class representation in the GEO dataset. This approach preserves
all instances in the minority class while diminishing the instances in the majority class, so
averting the model from acquiring a bias towards the more dominant class.

Alongside under-sampling, we employed the Random Forest Classifier, allocating 90% of
the data for training and 10% for testing. To guarantee the robustness and dependability of
the model, 100-fold Monte Carlo Cross-Validation (MCCV) (Xu & Liang, 2001) was
utilized. MCCV entails the random selection of sample fractions for training data, while the
remainder is designated as test data, with performance measures computed by averaging
outcomes across 100 iterations. This method was selected over conventional cross-validation
because of its superior repeatability and reduced variance, rendering it especially appropriate
for datasets with class imbalances and guaranteeing the consistency and precision of our
results.

2.2 Feature Selection Techniques
Feature selection tries to reduce computing costs by removing redundant or irrelevant

features from the input data. This methodology allows for the refinement of the model by
focusing on important attributes and helps to improve understanding of the resulting model.
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To do this, it is necessary to rate or score features according to how well they can predict the
outcome. Numerous methods exist for ranking features, such as statistical evaluations and
machine learning-based wrapper methods (Jovic et al., 2015). Moreover, more sophisticated
strategies incorporating biological knowledge into machine learning algorithms have been
employed for feature selection or the selection of feature groups, as evidenced by a number
of recent tools. Several tools, such as SVM RCE, SVM-RCE-R (Yousef, Bakir-Gungor, et
al., 2021; Yousef et al., 2007; Yousef, Jabeer, et al., 2021), maTE (Yousef et al., 2019),
CogNet (Yousef, Ulgen, et al., 2021), miRcorrNet (Yousef, Goy, et al., 2021),
miRModuleNet (Yousef, Goy, et al., 2022), and Gene Ontology (Yousef, Sayici, et al.,
2021), have embraced such an approach. A recent review of these tools and their competitors
is available in (Yousef et al., 2020).

2.2.1 Maximizing Relevance while Minimizing Redundancy (MRMR):

Maximum Relevance—Minimum Redundancy (MRMR) is a feature selection method
employed in machine learning and data analysis to identify a subset of pertinent and
informative features from a broader range of input variables. mMRMR aims to enhance the
performance of a predictive model by selecting features that have high relevance to the target
output while also minimizing redundancy between the selected features.

Two primary phases comprise the mMRMR algorithm. First, features are ranked based on their
relevance to the output variable using a relevance metric such as mutual information.
Second, it selects unique, minimally redundant features to create a cohesive set with
complementary information, making the model more robust and understandable (Hanchuan
Peng et al., 2005) .

2.2.2 Maximization of Conditional Mutual Information (CMIM):

In CMIM, candidate features and target variables are measured mutually in order to quantify
the amount of information that each candidate feature contributes to the target. Contrary to
other methods, CMIM takes conditional mutual information into account. By considering
other features that have been selected, this additional level of analysis examines the
correlation between a particular feature and the target variable. In other words, CMIM
evaluates how much new information a feature adds to the prediction while taking into
account the existing feature set.

By incorporating this conditional perspective, CMIM seeks to achieve a balance between
relevance and duplication. It favors features with high predictive power for the target
variable as well as those that provide distinctive insights that are less likely to be redundant
with other chosen features (G. Brown et al., 2012).

2.2.3 Extreme Gradient Boosting (XGB):

Extreme Gradient Boosting (XGB) is a well-known feature selection technique as well as a
highly esteemed machine learning algorithm. In XGB, feature importance is assessed using
a scoring mechanism that takes into account the importance of each attribute when building
boosted decision trees inside the model. These decision trees' importance scores rise as they
depend more heavily on particular attributes for critical decisions, indicating that they are
becoming more and more important to the modeling process. This approach fits with XGB's
reputation for effectiveness and predictive abilities, as well as helping to identify key

14



features needed to improve the model's predictive capacity and decision-making prowess. It
builds a series of decision trees that iteratively correct errors, improving overall prediction
accuracy. Additionally, by integrating regularization, XGB makes it simple to create unique
loss functions, handles missing data, and excels at parallel processing, cross-validation, and
hyperparameter tuning (T. Chen & Guestrin, 2016).

2.2.4 Information Gain (1G):

Information gain (I1G) is a crucial technique for feature selection, analyzing the contribution
of each variable to the target variable. The procedure involves evaluating the information
gain of each independent feature and quantifying their individual effects. The computed
information gain value's subsequent arrangement in descending order then ranks the features
according to their individual relevance. A threshold is established and used as a cutoff point
to speed up the feature inclusion procedure in machine learning models. All features that
surpass this cutoff in terms of information gain are then seamlessly incorporated into the
machine learning algorithms, ensuring that the features chosen have the greatest influence
on the model's predictive performance and insights. This systematic approach improves the
model's efficiency, interpretability, and overall efficacy in identifying meaningful patterns
in the data (Kent, 1983).

2.3 Machine Learning Classifiers

Machine learning algorithms play a critical role in predicting gene-disease relationships and
uncovering complex interconnections between genes and diseases using a knowledge-driven
approach. The creation of predictive systems using computerized statistical and
mathematical procedures and data-driven inferences is the focus of this field of study.
Machine learning includes the development of complex models that can analyze data and
produce insightful results. This method stands out for its ability to learn from data to increase
the accuracy of predictions. Machine learning algorithms in this case learn from datasets,
adapting their decision-making to the complex details of the data, in contrast to rigid rule-
based techniques. In fields like bioinformatics, where it facilitates the investigation of the
genetic factors underlying diverse diseases, this flexibility has enormous promise. Machine
learning is guiding improvements in gene-disease association predictions by expanding its
capabilities beyond conventional constraints, fostering discoveries that deepen our
understanding of complex biological systems. Based on this purpose, we used traditional
machine learning classifiers in this thesis.

2.3.1 Random Forest Classifier (RF):

During the training phase, the Random Forests (RF) ensemble learning approach builds an
enormous quantity of decision trees and estimates the class based on the type of task. It can
be applied to classification, regression, and other applications (Ho, 1995). In basic terms, the
algorithm builds a decision tree for each sample, from which it derives the estimated value
result. For each value resulting from the prediction, a vote is conducted. The algorithm then
creates the outcome by selecting the last guess with the highest number of votes. Random
forest parameters may increase the model's prediction ability or simplify the training
procedure. Numerous parameters are employed and improved to boost the algorithm's
performance. The "Max_features™” option specifies the maximum number of features that
Random Forest is able to test in each tree. The "n_estimator" parameter refers to the number
of trees you want to construct prior to taking the most possible predictions into consideration.
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The "max_depth" parameter of a tree in Random Forest is the longest path from the root to
the leaf node.

2.3.2 Support Vector Machines (SVM):

The support vector machine is one of the discriminative classifiers used in machine learning.
Finding a hyperplane that discriminates between two or more classes is the main goal of
SVM. SVM can be used to classify datasets that are both linear and nonlinear. There are
numerous ways to use linear separation to separate data from different classes. A non-linear
mapping is utilized because a linear decision boundary cannot separate the data in a nonlinear
way. A higher-dimensional space is used to transfer the data samples that were taken from
the input feature space, and a linear hyperplane that separates the data samples in the new
space is identified. By expressing the optimization issue in dual space and applying the
kernel approach, it can be solved without explicitly transferring the data points to the new
space (Cortes & Vapnik, 1995).

The two most crucial hyperparameters for SVM are The C and gamma parameters. The C
determines the classifier's penalty. If the C is really large, the margin will be very small
because incorrect training would carry a heavy cost. The penalty will be minimal, and the
margin will be high if the C is low. The gamma parameter sets the range within which a
single training point influences the model. Small gamma values indicate a wide similarity
radius, resulting in the clustering of several points. The points must be relatively close to one
another in order to be grouped together (or placed in the same class) with high gamma values.

2.3.3 AdaBoost:

Boosting techniques are intelligent ways of creating a strong learner by combining many
weaker ones. It works by training these learners step by step. First, a weak learner is used to
start training. Then, the algorithm pays special attention to the mistakes it made in the first
round and trains again, focusing more on fixing those mistakes (R. Wang, 2012). This makes
the learner smarter over time. In the AdaBoost Algorithm, we have some important settings.
The "base_estimator" setting helps pick the type of weak learner we use. The "n_estimators"
setting decides how many of these weak learners we use. And there's a "learning_rate"
setting that lets us control how much each learner's contribution matters. By adjusting these
settings, we guide AdaBoost to learn and predict better, making it a strong and accurate tool
for various tasks.

2.3.4 LogitBoost:

Among the algorithms developed to address AdaBoost's overfitting problem is the boosting
classification algorithm LogitBoost. It provides a solution by gradually reducing training
errors in a linear fashion. Both LogitBoost and AdaBoost utilize an additive logistic
regression technique. The type of loss they seek to minimize, however, is where they differ
from one another. While LogitBoost concentrates on reducing logistic loss, AdaBoost
concentrates on reducing exponential loss (Friedman et al., 2000).

The hyperparameters of the LogitBoost Algorithm match those of the AdaBoost Algorithm.
As a result, their primary settings are the same. By utilizing the well-known control
mechanisms in this way, LogitBoost can improve the accuracy of its predictions and fine-
tune its learning algorithm. This synchrony in hyperparameters makes parameter selection
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easier and emphasizes how both algorithms are flexible and adaptable to different problem
domains. The switch in LogitBoost from exponential to logistic loss strengthens its ability
to address overfitting issues, resulting in a useful tool for developing reliable and accurate
classification models.

2.3.5 Decision Tree:

The decision tree algorithm constructs a model for classification or regression by utilizing a
tree-like structure. An interconnected decision tree grows in parallel when the program splits
the dataset into segments that are smaller. Both classification and regression are
accomplished using this machine learning technique. The decision tree is a graphic
representation of a series of options and the possible outcomes connected to those options.
It starts at the root node and moves up the tree, using the property values at each node to
direct its choices (Breiman et al., 2017). This strategy is advantageous in the field of data
science due to its clarity and interpretability. Moreover, decision trees can manage both
continuous and categorical data types proficiently.

The parameter termed "criterion™ dictates the manner in which the quality of a split within a
decision tree is assessed. Conversely, the "Max_Depth" parameter sets a limit on the deepest
level that the tree can reach. The "Min_Samples_Split" parameter sets a minimum threshold
for the number of samples required to start a division at an internal node. The
"Min_Samples_Leaf" argument specifies the minimum number of samples needed to create
a leaf node. The "Max_Features" parameter affects the number of features used when
determining the best split. All of these settings have predetermined values.

2.3.6 k-Nearest Neighbor:

The k-nearest neighbor (kNN) algorithm is a leading contender among supervised learning
techniques, as it effectively addresses both classification and regression problems. This
methodology organizes data classification by employing a democratic process, taking into
account the consensus of the "k™ closest points to an unmarked data point. Its mode of
operation involves examining latent data and sifting through the training dataset to identify
the "k™ most similar instances. Several metrics, including but not limited to the Euclidean
distance and the Hamming distance, can be used to measure the spatial separation between
two data points (Fix & Hodges, 1989).

In the realm of parameterization, the "n_neighbors" parameter plays the role of specifying
the count of neighboring points to be considered. Meanwhile, the "metric" parameter
assumes the task of dictating the yardstick for distance measurement when assessing
similarity. This ensures that the algorithm adeptly determines the proximity between
instances while bearing in mind the chosen distance metric.

2.3.7 Stacking:

Stacking, a prevalent technique in the field of ensemble machine learning, aims to improve
model performance by coordinating a multitude of predictors. This methodology entails
assembling a variety of distinct models, combining their insights, and developing a
completely novel model with improved performance. Utilizing stacking to address
interconnected problems results in the development of a more potent and adaptable
predictive model (Lu et al., 2023).
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CHAPTER THREE

LITERATURE REVIEW

Gene expression datasets offer useful insights into the intricate molecular pathways involved
in many biological processes and diseases. Examining these datasets to pinpoint important
genes or biomarkers is crucial in the fields of bioinformatics and biomedical research (van
’t Veer et al., 2002). Gene selection approaches can be classified into traditional gene
selection and integrated gene selection. Traditional approaches use statistical and
computational analysis of gene expression levels, whereas integrative methods use domain
knowledge from external biological sources to assist in gene selection (Perscheid, 2021,
Yousef et al., 2020).

To identify genes that exhibit statistically significant changes in expression levels across
diverse conditions, the traditional gene selection methods rely heavily on a computational
and statistical analysis. Differentially expressed genes are a potential indicator of biological
significance, which is why these methods seek to identify them. Lazar et al. (Lazar et al.,
2012) provided a brief overview of filter strategies used for selecting features in gene
expression microarray analysis, considering factors like accuracy, scalability, robustness,
and interpretability. Different approaches, such as statistical tests, correlation-based
methods, and information theory, were discussed, highlighting the importance of selecting
relevant features and avoiding overfitting. The authors concluded that choosing an
appropriate feature selection method depends on the dataset's characteristics and the research
question being addressed.

In a comparison between two different feature selection methods in DNA microarray
analysis, filter and wrapper methods, Inzaetal. (Inzaetal., 2004) examined the performance
of these methods on several publicly available DNA microarray datasets, comparing their
accuracy, robustness, and computational efficiency. The authors determined that the
selection between filter and wrapper approaches is contingent upon the specific attributes of
the dataset and the research question being investigated, with filter methods generally being
faster and less prone to overfitting, while wrapper methods may provide better predictive
accuracy. Meanwhile, Anggraeni et al. (Anggraeni et al., 2021) evaluated the performance
of filter and wrapper feature selection methods in the context of spam comment
classification. The authors used three different datasets of comments collected from social
media platforms and applied filter and wrapper methods to select the most relevant features.
The results showed that both the filter and wrapper methods effectively reduced the
dimensionality of the data and improved the classification accuracy. However, the wrapper
method outperformed the filter method regarding accuracy and stability across different
datasets.
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The traditional approach to gene selection has various limitations. For instance, the filtering
method examines the relevance of each gene separately without considering their
interrelationships and connections. The primary drawbacks of such approaches are their
biological interpretation challenges, low robustness, and inability to generate new biological
information, as confirmed by multiple studies (Mungloo-Dilmohamud et al., 2020; Pes et
al., 2017; Zhang et al., 2013).

Multiple studies finding genes associated with human disorders have led to the development
of diagnostic tools and, in some instances, the creation of innovative medications. Numerous
computational tools that vary in their techniques and resource utilization have been
developed, including ones that integrate diverse biological data into machine learning.
Liekens et al. presented BioGraph, a computational tool for unsupervised biomedical
knowledge discovery. The tool uses automated hypothesis generation to extract new insights
from large-scale biological data, such as gene expression profiles and protein interactions.
They inferred that BioGraph is a valuable tool for hypothesis generation and data-driven
discovery in biomedical research. Qi and Tang (Qi & Tang, 2007) proposed a novel approach
for feature selection in microarray data analysis by integrating Gene Ontology (GO)
information. They calculated the discriminative power of genes using Information Gain (1G)
based on gene expression and class labels. They weighed it based on GO annotations,
demonstrating improved accuracy and biological relevance compared to other methods and
emphasizing the enhanced interpretability of analysis results.

Papachristoudis (Papachristoudis et al., 2010) introduced a feature selection method for
microarray data using Gene Ontology (GO) annotations. By constructing a gene-GO
bipartite graph and calculating the relevance of GO terms using either the hypergeometric
distribution or mutual information, the authors showed better performance than previous
techniques for selecting features in classification examinations.

Fang et al. (Fang et al., 2014) introduced an integrated approach machine learning approach
for gene selection in microarray analysis, combining Relief F for feature selection, the chi-
square test for association analysis, and SVM for classification. The approach outperformed
existing methods in terms of accuracy, sensitivity, and specificity while utilizing a smaller
number of genes, emphasizing the importance of integrating multiple techniques for
improved classification accuracy. The authors in (Raghu et al., 2017) proposed a gene
selection method incorporating genetic metainformation from KEGG and DisGeNET. The
method calculates importance scores based on gene-disease associations and gene
expression levels. It then uses a gene distance metric to choose relevant and diverse gene
sets, showing better predictive modeling performance than variance-based gene selection
techniques. Wang et al. (J. Wang et al., 2018) proposed an integrative approach to identify
gene-disease associations by combining GWAS, eQTL, and PPI network data. The study
demonstrated improved accuracy in predicting gene-disease associations, revealing potential
associations, such as CD40, CCL5, and CDK®, with rheumatoid arthritis (RA), showcasing
the approach's effectiveness in discovering novel gene-disease relationships.

In their study, Giambartolomei et al. (Giambartolomei et al., 2014) presented a Bayesian
method that utilizes GWAS summary statistics to identify the colocalization of genetic
association signals between study pairs. By considering prior knowledge and expected
association patterns, the method revealed genomic regions where the same variant showed
likely associations with both multiple sclerosis and ulcerative colitis, indicating potential
shared genetic pathways underlying the two diseases. In another approach to improving
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understanding of complex diseases. Greene et al. (Greene et al., 2015) devised a technique
for creating tissue-specific networks that combines gene expression data and protein-protein
interaction information. They found functional connections between genes and proteins in
many tissues and discovered tissue-specific networks enriched in disorders like breast
cancer, Alzheimer's disease, and type 2 diabetes enriched with known disease-related genes
and pathways, as well as novel candidates not previously associated with the diseases.

Peng et al. (Peng et al., 2017) introduced SLN-SRW, a network-based disease gene
prediction method that integrates heterogeneous biomedical data to identify disease-related
genes. They applied their approach to diseases like Alzheimer's, breast cancer, and type 2
diabetes, revealing novel genes and potential therapeutic targets. In a study by Asif et al.
(Asif et al., 2018), machine learning classifiers were trained on gene similarities computed
by Gene Ontology (GO) demonstrated effectiveness in identifying genes associated with
complex diseases, specifically autism spectrum disorder (ASD).

Luo etal. (Luo etal., 2020) propose EdgCSN, an ensemble learning algorithm that integrates
clinical sample-based networks with protein-protein interaction networks to predict disease-
associated genes. They identified potential biomarkers for breast cancer and found shared
genes across different diseases, suggesting common molecular mechanisms. Hamzeh and
Rueda (Hamzeh & Rueda, 2019) developed a machine learning method utilizing the
DisGeNET database to detect biomarkers in prostate cancer, using wrapper-based feature
selection to group genes based on classification accuracy. Nikhil et al. (Acharyaetal., 2017)
presented an unsupervised gene selection technique for sample clustering using biological
knowledge. Their approach involved constructing a gene co-expression network, identifying
gene clusters enriched in specific biological processes, and selecting differentially expressed
genes for improved sample clustering accuracy.

None of the above computational tools suggests a framework to embed the process of
grouping selections into the core of the machine learning algorithms. Most of those
algorithms integrate the knowledge as part of or prior to applying the ML algorithm, in some
cases, to perform enriched analyses. Various methods that incorporate biological structure
or information for selecting features are examined in the context of machine learning
methodologies based on biological domain knowledge.

Yousef et al.(Yousef et al., 2007) introduced the Recursive Cluster Elimination (RCE)
algorithm-based feature selection for gene expression data classification. They demonstrated
the effectiveness of RCE in identifying informative gene clusters associated with sample
phenotypes. In another study by Yousef et al. (Yousef et al., 2019), they presented maTE, a
computational method for discovering expressed interactions between microRNAs
(miRNAS) and target genes. maTE utilized both miRNA and gene expression data to identify
biologically relevant and dynamically regulated miRNA-gene interactions, showcasing its
effectiveness in breast cancer research. Besides, Yousef et al. (Yousef, Ulgen, et al., 2021)
introduced CogNet, a computational method for classifying gene expression data based on
ranked active-subnetwork-oriented KEGG pathway enrichment analysis. CogNet effectively
classified breast cancer and glioma subtypes by utilizing gene expression data and pathway
enrichment scores. In a different study (Yousef, Goy, et al., 2021), the authors proposed
miRcorrNet, which performs machine learning-based integration of miRNA and mRNA
gene expression profiles. The tool accurately prioritizes pan-cancer-regulating high-
confidence miRNAs, showcasing its potential to uncover functional effects in complex
diseases like cancer.
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GediNET is explicitly formulated to address major shortcomings in the existing framework
of gene-disease association research, notably the absence of group-based gene selection and
the necessity for comprehensive integration of disease associations. Traditional methods
frequently emphasize singular genes, neglecting the valuable insights derived from
interactions among groups and the complex connections of diseases. The G-S-M (Grouping,
Scoring, Modeling) structure of GediNET effectively mitigates these constraints by
categorizing genes according to common disease connections, hence augmenting the
biological significance and interpretative capacity of the analysis. This classification
facilitates a more refined comprehension of gene interactions and their cumulative effects
on diseases, establishing a robust basis for predictive modeling and the identification of
therapeutic targets.

Current methodologies in gene-disease association research encounter substantial obstacles
with feature selection, including overfitting and difficulties in generalizability across many
biological contexts. Numerous contemporary approaches lack strong mechanisms to
guarantee that the picked features are both statistically significant and biologically pertinent,
thereby compromising their efficacy in clinical applications. GediNET's methodology
improves the generalizability and applicability of its conclusions by incorporating a more
rigorous scoring system and utilizing empirical evidence from extensive datasets. In-depth
examination of pivotal findings in the field indicates an urgent want for models such as
GediNET that merge methodological precision with profound biological understanding, thus
reinforcing the argument for sophisticated integrative approaches in genomic research.
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CHAPTER FOUR

GEDINET FOR DISCOVERING GENE ASSOCIATIONS ACROSS
DISEASES USING KNOWLEDGE-BASED MACHINE LEARNING
APPROACH

4.1 Introduction

Common methods for identifying disease-associated genes involve machine learning and
various feature selection techniques to pinpoint important genes that can act as biomarkers
for a particular disease. Recently, incorporating prior knowledge-based methods into this
process has demonstrated considerable potential for identifying new biomarkers with
practical applications.

In this research, a novel approach called GediNET is developed that integrates prior
biological knowledge to Group genes associated with diseases such as cancer. The novelty
of GediNET is that it discovers gene associations across diseases rather than single disease-
gene associations. The selected gene groups are subjected to a Scoring component to identify
the top performing groups rather than single feature selections. The highest-ranked gene
groups are subsequently utilized to train the Machine Learning model. The Grouping,
Scoring, and Modeling (G-S-M) model is used to discover groups of disease associated
genes or biomarkers for specific groups/diseases. One of the outputs of GediNET is a list of
disease groups that can combine their gene signatures to identify new biomarkers and
potential drug targets. GediNET identifies these relationships through Disease—Disease
Association (DDA) based machine learning. DDA explores novel associations between
diseases and identifies relationships that could be used to further improve approaches to treat
cancers.

4.2 The merit of GediNET in the discovery of Disease -Disease Associations

Let D be a two-class gene expression dataset designed to study a specific disease (for
example, Lung Cancer or Breast cancer) in order to detect significant genes that will serve
as biomarkers. The traditional approach to the classification model suggests a list of k genes
that can serve as biomarkers for predicting the number of patients with the disease. In other
words, identifying disease-gene associations. One solution could be a linear function F(X)
that might be expressed as:

F(X) =w, g, + wyg,+... +wi g, Where w; are the weights (scores) while the g; are the
gene expression values. The weights indicate the importance (significantness) of each gene
expression for the linear model. For instance, a value with a weight close to zero indicates
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that the associated genes contribute less to the equation model. In other words, F(X)
describes the biological interaction between those k genes to form biomarkers.

GediNET differs from traditional approaches by considering groups of genes, not individual
ones. The group represents a biological pre-existing knowledge about the association
between genes and disease. In GediNET, a group is represented as a set of genes associated
with a disease. GediNET scores those groups and their contribution to the classification task
by applying the S component of GediNET (see Section (The S component)). The top j-scored
groups will be used for training the final model. In other words, the genes that appear on
those j groups will be used to train the machine learning model. The S component relies on
representing the group of genes as a subdataset of the original dataset D, preserving the class
labels, as described in detail in the two following sections (Grouping Genes Based on
Disease (The G component) and Creating a Sub-dataset).

For simplicity, the final model might be visualized as a decision tree, as illustrated Figure
4.1 (Right panel). The left panel of Figure 4.1 illustrates the decision tree model of the
significant genes selected by the traditional approach. The right panel of Figure 4.1 shows

Target
Disease

“:\/ \\1 \I/. \w
SN A

Target
disease

Symbols | Diseases Related-Genes
0 Disease 1 | Gene_A, Gene_B, Gene_F, Gene_...
- Disease 2 | Gene_B, Gene_D, Gene_C, Gene_...
| Disease 3 | Gene_A, Gene_C, Gene_D, Gene_..

that the decision tree model consists of genes associated with the top three GediNET ranked

diseases (groups). This model contains information about the biological knowledge of the
diseases and shows the disease-disease associations.

Figure 4. 1. Decision Tree model. The left panel illustrates the traditional approach that
detects gene-disease associations, while the right panel illustrates the disease-disease
association as the output of GediNET.

For example, considering the dataset GDS1962 that studies the Glioma disease, GediNET
suggests a model that is based on the top three significant groups/diseases, as follows:
Grpl_disease= {PAPILLARY RENAL CELL CARCINOMA}, Grp2_disease= {PLASMA
CELL}, and Grp3_disease= {NEOPLASM and ADULT GLIOBLASTOMA}.

The following are the sets of genes associated with each disease:

Grpl_genes= {SLC16A1, TAGLN2, TIMP3, IGFBP7, TOP2A, TP53, RRM2...}, Grp2_
genes = {CD99, TP53, LPL, CD40, CD38, NCAM1, MYC, CSF3, CDKN2A, FGFR3,
CCND1}, and Grp3_genes= {EDNRA, CSPG4, MELK, ENPEP, ...}.
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Applying GediNET will compute F*(x) that describes the association between the Grpl, 2
and 3_diseases with the disease under study (in this case, Glioma disease). This might lead
to new discoveries that have not been observed before by traditional approaches.

4.3 The G-S-M components of GediNET

GediNET utilizes the generic technique G-S-M, which is also used by several tools like
SVM-RCE (Yousef et al., 2007), SVM-RCE-R (Yousef, Jabeer, et al., 2021), SVM-RNE
(Yousef et al., 2009), maTE (Yousef et al., 2019), CogNet (Yousef, Ulgen, et al., 2021),
miRcorrNet (Yousef, Goy, et al., 2021), Integrating Gene Ontology (Yousef, Sayici, et al.,
2021), miRModuleNet (Yousef, Goy, et al., 2022), and PriPath (Yousef, Ozdemir, et al.,
2022), and was recently reviewed in Yousef et al. (Yousef et al., 2020). The main workflow
of GediNET is illustrated in Figure 4.2, where the G-S-M approach is presented in the three
main sections labeled with the orange section (G), the yellow section (S), and the green
section (M), which represent:

1. The G Component (Grouping): where the genes are grouped according to the
biological pre-existing knowledge of disease. Each group is represented by an
extracted two-class subdataset from the main dataset.

2. The S Component (Scoring): where the groups are scored and ranked by considering
the related two-class subdatasets.

3. The M Component (Machine Learning model): where a model is developed by
training a classifier (Random Forest) on the top ranked groups’ genes.

GediNET requires a two-class gene expression dataset and a table containing biological pre-
existing knowledge of the diseases as inputs. The dataset has two categories of samples:
control (negative) and disease (positive). The dataset is divided into training and testing
subsets. The training dataset is utilized for the G-S-M components, while the testing dataset
is employed to assess the model's performance. The entire process is iterated 100 times using
cross-validation, with the input randomly divided into 90% for training and 10% for testing
in each iteration. A statistical t-test, specifically Levene's test for equality of variances, is
conducted on the training dataset to identify the most significantly expressed genes (M. B.
Brown & Forsythe, 1974). 2000 genes that show significant differential expression with a
P-value below 0.05 are chosen. The primary contribution of the generic approach and the
functions of each component are elaborated in the subsequent sections.
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Figure 4. 2: GediNET workflow. The main workflow of G-S-M that integrates pre-existing
biological knowledge for grouping genes based on disease-gene association, which is
derived from the DisGeNET v7 database.

4.3.1 G Component: Grouping Genes based on Disease:

The first component of GediNET is the grouping component G (the orange section in Figure
4.2), which groups genes into groups. The G component might be based on any pre-existing
biological knowledge, such as miRTarBase, KEGG pathway, etc., for creating groups of
genes. In this tool, the G component group genes are based on the DisGeNET v7 database
(Pifero et al., 2017), which is a gene-disease association database. Table 4.1 is an example
of such a group that includes the disease name (group name), the set of genes associated with
this disease, and the number of genes in the associated group.

Table 4.1-A: An example of groups of diseases with their associated genes. The last
column represents the group size.

Group Name Genes #Genes

VPS13B, SLC16A1, ANXAL, CD99, SMARCCI,

Small Cell Carcinoma of Lung 41

PCNA...
Leukemia, B-Cell TP53, LAMAA4, STK11, CSPG4, CD40, TNFRSFIA... 43
Stage |11 Breast Cancer Ajcc V6 TP53, BRCA2 2

25



Table 4.1-B: An example of groups of diseases with their associated genes. The last
column represents the group size.

Group Name Genes #Genes
. PRMTS5, ANXAL, LGALSL, TIMP3, IGFBP7, PCNA,
Head And Neck Carcinoma TNC, TP53... 149
Secondary Malignant Neoplasm ADAMDY, SLC16A1, CD99, NME1-NME2, DPYSL3, 145
of Bone TNC, TP53, NRAS...

Malignant Glioma TK1, NPAS3, CD63, HMGB1, TAGLN2, TXNIP... 162
Adenocarcinoma, Tubular PCNA, TP53, EFEMPI1, APOE, STK11, PRKDI... 31
Childhood Brain Neoplasm TP53, NRAS, SOX9, MYC, TNFRSF11B 5

Adult Myelodysplastic Syndrome | CSNK1A1, CTNNAI1, HMGBI1, PCNA, TOP2A, TP53... 58
Non-Small Sctgge"lung Cancer TP53, PRRX1, IGFBP3, VEGFA, S100A6, GSTKI... 22

4.3.1.1 G Component: Creating Two-class Subdataset:

We assume that D consists of columns that represent the gene expressions, while the rows
represent the samples. D also has a class label column with information about each sample,
as illustrated in Figure 4.3 at the Input panel (labeled by I).

To score each group, we have created a two-class subdataset related to each group/disease.
Each subdataset is specific to one group/disease and contains the genes belonging to this
group/disease. This is achieved by extracting the gene columns belonging to the specific
group and their original class label from the original dataset D. Let m be the number of
groups. In this stage, we will extract or create m two-class subdatasets that will be input to
the S (Scoring) component. In Figure 0.3, the I panel (input panel) contains two matrices.
The left one is an example of the gene expression matrix D, with the class label appearing
in column “Class”. The right one is the pre-existing biological knowledge containing the
disease name (group name) and its set of genes. In our example, the right matrix contains
four group diseases labeled with group_diseasei, i=1...,4. For example, group_diseasel
represents the disease named “Well Differentiated Pancreatic Endocrine Tumor,” along with
three genes associated with this specific disease. The genes are RBMS3, TFE3, and NTRK1.

Within the G panel, the extraction of two-class subdatasets is performed. As evident in
Figure 4.3, four subdatasets are created. For each subdataset, the gene columns belonging to
each disease group are extracted from the D dataset with the original class label, where pos
is for the positive class and neg is for the negative class. The four subdatasets serve as input
to the following component, S, to be scored and ranked.
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Figure 4. 3: An example of creating two-class subdatasets extracted according to disease-
group names. These subdatasets will be subject to the S component for scoring.

4.3.2 S Component: Scoring the Groups:

As a result of the G component, m two-class subdatasets are created, each representing one
group. The task of the S component is to compute a score that measures to what extent it is
differentially expressed considering the given two classes. The group is a set of genes; one
way of computing a group-score is by computing each individual gene's t statistic and then
averaging those scores to be the final score of the group, as suggested in (Nacu et al., 2007).
The following equations might be used to compute this score for a given gene i:

T; = (.ui_pos - .ui_neg)/\/o-iz_pos/nl + Jiz_neg/no (1)
Where p; pos and u; neg are the average expressions over the pos and neg classes,

respectively. o,,,s and o;,., are the standard deviations over both classes, while n, is the
number of positive samples and n, is the negative samples.

Based on equation number 1, one might compute a score for a given group that consists of
k genes as follows:

S(group) =¥, T, ¥

However, GediNET uses a more progressive approach based on machine learning to
compute such scores. Figure 4.4 illustrates the steps of the S component that end by assigning
the performance measurement as the group score. In our case, we consider accuracy. Each
two-class subdataset is randomly split into training and testing (90% of the data is allocated
for training, while 10% is reserved for testing), as shown in Figure 4.4, Panel S-Splitting,
where this procedure is repeated r times. The training is used to train the machine learning
algorithm (we have used Random Forest), and the performance is evaluated on the test split
as seen in the Panel, S-FitTestModel. The accuracy average of the r splits is computed to
form the group score. All of the group scores are collected to form a table of m scores. For
the M component, we perform a ranking step by ordering the table in descending order. An
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example of the Scoring component applied to the GDS2545 dataset is presented in Table
4.2.

Table 4.2: An example of the output of the Scoring S component. The first column is the
name of the group disease, the Score column is the computed score computed by the S
component, and the rank column is the rank of the group.

Disease Score Rank
PAPILLARY RENAL CELL 0.98 1
CARCINOMA
PLASMA CELL NEOPLASM 0.96 2
ADULT GLIOBLASTOMA 0.94 3
INTESTINAL CANCER 0.91 4
MALIGNANT NEOPLASM OF 0.89 5
COLON STAGE IV

DERMATOFIBROSARCOMA 0.87 6
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Figure 4. 4: The details of the S component. The G panel contains all the two-class sub-
datasets that each one is subject to the S component.

GediNET uses the accuracy measurement to assign a score; one might use a different
measurement or a combination of measurements (such as sensitivity, specificity, the AUC,
etc.). For more information on such an option, we refer to (Yousef, Jabeer, et al., 2021).

4.3.3 M component: Fitting the Model:

The M component considers the top-ranked j groups of disease, and their genes are merged
to form the top-ranked associated genes (as seen in Figure 4.4, the output panel). A
subdataset is extracted considering the top-ranked associated genes from the training part of
the dataset (90% training, 10% testing, as mentioned before). The retrieved subdataset is
used to train an RF model. The model is assessed on the testing dataset consisting of those
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genes, and the performance statistics are recorded. We have reported the performance of j =
1...,10.

Our approach involves training Random Forest classifier on randomly selected data, with
90% used for training and 10% for testing. Settings can be modified in our KNIME version
of GediNET.

4.4 Implementation of GediNET

We have utilized the GediNET tool by integrating it with the KNIME platform, which is free
and open-source, due to its straightforward and user-friendly graphical interface. KNIME is
a versatile platform that allows us to combine Python and R scripts to create a KNIME
workflow (Berthold et al., 2008). The workflow created on KNIME comprises several nodes
with separate functions.

Figure 4.5 displays the KNIME workflow for GediNET. The process begins by uploading a
list of the dataset names using the "List Files/Folders” node. A loop iterates across the
datasets to be read by the "Table Reader" node and then processed by the meta-node
"FilterMissingValues" to eliminate or filter rows with missing values. The filtered data is
sent as input to the GediNET meta-node. Use the "Integer Input” node to adjust the amount
of iterations during model training.

List Files Table Row To Variable Table Reader
(deprecated) Loop Start (deprecated) (dep.recale.d) Row Filter FilterMissingValues
. -
i » > a0 e &, » > > }
Node 477
Node 223 Node 240 Node 365 remove 5.0
GeDINET Loop End
e
Node 468
Node 212
Integer Input
=

#itr

Figure 4. 5: GediNET workflow in KNIME.

You can download the GediNET KNIME workflow from:
https://github.com/malikyousef/GediNET.git or https://kni.me/w/3kH1SQV_mMUSMTS-

4.5 Model Performance Evaluation

We utilized the Random Forest Classifier to partition the data into 90% for training and 10%
for testing. We used the under-sampling method to address the imbalance in the datasets,
where the class label distribution is uneven. This strategy addresses imbalanced datasets by
retaining all samples in the minority class while reducing the size of the majority class. We
utilized 100-fold Monte Carlo cross-validation (MCCV) for model training. Monte Carlo
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cross-validation (MCCV) involves randomly selecting fractions of the samples as training
data and assigning the remaining as test data. The performance metrics are calculated by
averaging the results of 100-fold MCCV. We choose for MCCV over standard CV due to its
higher repeatability resulting from lower variance.

Quantitative measures were calculated to assess the performance of the RF model, such as
accuracy, sensitivity, and specificity (El-Hadj Imorou, 2020), using the following
formulations:

Sensitivity (SEN) = TP/ (TP + FN). 3)
Specificity (SPE) = TN/ (TN + FP). 4)
Accuracy (ACC) = (TP +TN) /(TP + TN + FP + FN). (5)

Where TP=true positive; FP = false positive; TN = true negative; and FN = false negative.
The Area Under the Curve (AUC) quantifies a classifier's capability to differentiate between
classes and serves as a condensed representation of the ROC curve. We utilized the AUC
metric to assess the performance outcomes (Hand & Till, 2004).

Our method produces lists of disease groups and their corresponding genes that vary slightly
in each iteration. Therefore, a prioritization strategy should be applied to those lists. We
employed rank aggregation methods in miRcorrNet. We have incorporated the
RobustRankAggreg R package, created by Kolde and colleagues in 2012, into the GediNET
workflow (Kolde et al., 2012). RobustRankAggreg assigns a p-Value to each element in the
aggregated list, indicating how well each element/entity was rated in comparison to the
expected value

4.6 Results
4.6.1 Performance Evaluation of GediNET:

Table 4.3 displays the average 100-fold MCCV performance of GediNET for the top 10
groups in the GDS1962 dataset. The final row displays the performance of the highest-
ranked group (#Groups = 1). An AUC of 97% was achieved by utilizing an average of 21.61
genes. The row (#Groups = 2) displays performance indicators for the top 2 groups by
aggregating the genes of the first and second-ranked groups. GediNET reports the
cumulative performance results for the top 10 groups.
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Table 4.3: An example average of 100 MCCV performance table for GediNET for the top-
ranked 10 groups for the GDS1962 dataset cumulatively.

#Groups | #Genes | Accuracy | Sensitivity | Specificity | AUC
10 136.74 0.928 0.93 0.92 0.98
9 127.68 0.93 0.93 0.92 0.98
8 116.02 0.93 0.94 0.92 0.98
7 111.16 0.93 0.93 0.91 0.98
6 102.02 0.93 0.9 0.92 0.98
5 92.88 0.93 0.93 0.93 0.98
4 78.37 0.93 0.93 0.92 0.98
3 62.47 0.93 0.94 0.92 0.98
2 45.57 0.93 0.93 0.93 0.97
1 21.61 0.92 0.93 0.92 0.97

Table 4.4: Performance outcomes of GediNET compared to the highest-ranked group.
ACC represents Accuracy, SEN represents Sensitivity, SPE represents Specificity, FM
represents F-Measure, and AUC represents Area Under the ROC Curve.

GEO Accession #Genes ACC SEN SPE
GDS1962 45.57 0.93 0.93 0.93
GDS2545 113.76 0.73 0.72 0.74
GDS2771 97.83 0.64 0.69 0.59
GDS3257 74.81 0.97 0.99 0.94
GDS3837 21 0.92 0.83 1
GDS4206 83 0.66 0.3 0.82
GDS4516 4718 40.72 0.99 0.99 0.99
GDS2574 102.49 0.76 0.77 0.76
GDS3268 115.7 0.67 0.7 0.63
GDS5499 80.23 0.9 0.96 0.77

Table 4.4 shows the GediNET performance over 10 datasets for the top 2 groups. All values
are the results of an average of 100-MCCYV iterations while considering the AUC for
presenting the performance. The complete performance results are attached in the
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supplementary data. The table shows the GEO accession in the first column, the number of
genes in column #Genes while ACC is the accuracy, SEN is the sensitivity, SPE is the
specificity, and the AUC is the area under the curve. We see only one unsuccessful result for
the dataset GDS4206. However, a similar observation was made when applying other tools
to this specific dataset, as illustrated in Figure 4.6.

The average number of genes associated with the top 2 groups is slightly high because the
distribution of genes over the disease is slightly high compared, for example, to other
biological knowledge such as microRNA target or KEGG pathways. Moreover, this number
of genes could be reduced by removing the least contributed genes when processing each
group. This step will be considered in the future version of the algorithm. Also, one can use
additional biological knowledge to filter out more genes from the group by, for example,
leaving the most associated genes with the disease. The last suggestion requires other
biological resources to be embedded into GediNET.

4.7 Comparative Evaluation with other biological G-S-M

We have examined similar methods like CogNet, maTE, and PriPath, which utilize the G-S-
M strategy to incorporate biological information for gene grouping and scoring within the
group. We have calculated the Area Under the Curve (AUC) values for the top 1-10 groups
based on the scoring component of each tool using 100-fold Monte Carlo Cross-Validation
(MCCV). We carefully examined the top two groups for comparison.

Figure 4.6 shows the average AUC values of the four tools over 10 datasets. Figure 4.7
displays the average number of genes for the four tools. The AUC values of GediNET,
CogNet, maTE, and PriPath for the top two groups across 10 distinct datasets are almost
identical, as shown in Figure 4.6. The performance of the tools is similar. This close
performance suggests that the developed tool, GediNET, is reliable and stable. However,
each tool produces a unique conclusion based on its individual strengths and is designed to
identify important groups associated with particular pre-biological information.

Figure 4.7 indicates that GediNET utilizes, on average, ten times more genes than the other
tools. The reason for this is that the number of gene groups associated to the diseases are
extensive.
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Figure 4. 6: The average AUC values of GediNET, CogNet, maTE, and PriPath for the top
two groups across ten different datasets.
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Figure 4.7: The mean number of genes of GediNET, CogNet, maTE and PriPath tools over
the ten datasets for the top two groups.

One of the tool's outputs is a list of ranked disease groups that were assigned a p-value by
the robust rank aggregation package (Kolde et al., 2012). Table 4.5 is an example of this
tool for the GDS1962 dataset.
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Table 4.5: An output of the RobustRankAggreg tool for the GDS1962

GDS1962
Disease Name p-value #Genes List of genes
SLC16Al1, TAGLNZ2, TIMP3,
PAPILLARY RENAL CELL CARCINOMA | 0.00052 22 IGFBP?7...
PLASMA CELL NEOPLASM 0.0010 11 CD99, TP53, LPL, CD40...
COMMON ACUTE LYMPHOBLASTIC
LEUKEMIA 0.001772 3 KNG1, MME, BCL2
DUCTAL BREAST CARCINOMA 0.002363 13 TCF21, AFAP1L2, PLG...
GASTRIC MUCOSA-ASSOCIATED
LYMPHOID TISSUE LYMPHOMA 0.002953 2 BCL2, EFCAM
NTRAHEPATIC CHOLANGIOCARCINOMA | 0.003544 27 SHBG, BAX, TYMS, GPC3...
LYMPHOMA, NON-HODGKIN 0.004135 44 BAX, SLC23A1, MME, TYMS, ...
MALIGNANT NEOPLASM OF COLON
STAGE IV 0.004725 7 TYMS, MYCN, KLK6, NDRGI, ...
NEUROECTODERMAL TUMOR, PRIMITIVE | 0.005316 14 SFRP1, PCSK2, MYCN, CAPS...
PAPILLARY THYROID CARCINOMA 0.005907 75 BAX, PKHDIL1, MME, GPC3...

This is a novel output of the feature selection techniques that GediNET is providing. This
table will be used to analyze the relationship between the diseases further. For example,
Table 4.5 raises a biological question about the association between the top-ranked disease
(PAPILLARY RENAL CELL CARCINOMA, PLASMA CELL NEOPLASM, ...) and the
target disease of the study (dataset GDS1962 with target disease Glioma). Additionally,
GediNET provides a list of significant genes that were also aggregated by the Robust Rank
Aggregation tool. While scoring each group, the genes associated with the group is scored
with the same score as the group. This list with its scores is aggregated at the end to compile
and report a list of significant genes. Table 4.6 provides an example of such a list.

Table 4.6-A: Top 10 significant genes that were aggregated by the RobustRankAggreg tool
for the GDS2545 dataset.

Genes p-value
MYL1 0.003
RNF44 0.016
UBN1 0.051
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Table 4.6-B: Top 10 significant genes that were aggregated by the RobustRankAggreg tool
for the GDS2545 dataset.

Genes p-value
N4BP2L1 0.060
GDI1 0.066
ARL17B 0.093
MY LPF 0.133

The user can consider the list of significant genes for functional and enrichment analysis as
was done in similar studies such as PriPath and miRmodulnet using different tools such as
David (DAVID: Functional Annotation Tools, n.d.), EnrichR (Kuleshov et al., 2016), and
GeneMANIA (GeneMANIA, n.d.).

4.8 Biological Interpretations

One of the outputs of GediNET is a list of significant diseases that have been scored by the
S component, as illustrated in Table 4.5. RobustRankAggreg has ranked this list according
to p-value. For all 10 GEO datasets, the top 2 diseases and their set of genes were considered
for pathway enrichment analysis. Their total number of distinct genes is 1184.

The web tool EnrichR (Kuleshov et al., 2016) was used to perform the pathway enrichment
analysis. The tool was run to collect the top enriched pathways for each disease-gene group
per dataset, and the top pathways (with the least p-values) were selected. The WikiPathway
database (Martens et al., 2021) version 2021 for human genes was used to select our results.
The top cell signaling pathways' names for the 10 GEO datasets, p-values, adjusted p-values,
and associated genes are illustrated in Table 4.7. Evidence from the literature was then
gathered for the dataset on cancer and the top-performing disease, along with the enriched
genes and pathways found from the enrichment analysis.

Table 4.7- A: The top cell signaling pathways' names for the 10 GEO datasets. The first
column is the name of the cell signaling pathway, the second column is the p-values, the
third column is the adjusted p-value, the Genes column represents an example of the
associated genes, and finally, the last column is the total number of associated genes.

Cell signaling P-value Adjusted p- List of Genes #Genes
pathways term value
Head and Neck
Squamous Cell 2.24E-13 6.31E-11 CCND1;CDKN2A; AKTI... 9
Carcinoma WP4674
DNA damage response : )
(only ATM dependent) 2.95E-16 108E-13 GSK3B;SMAD4;CDKNL1A,... 14
WP710
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Table 0.7- B: The top cell signaling pathways' names for the 10 GEO datasets. The first
column is the name of the cell signaling pathway, the second column is the p-values, the

third column is the adjusted p-value, the Genes column represents an example of the
associated genes, and finally, the last column is the total number of associated genes.

Cell signaling pathways term P-value Adj\?;fjg P- List of Genes #Genes
Apoptosis WP254 1.88E-06 4.25E-04 CASP10;MYC;PMAIPL;... 6
Hepatcit;?CiCnirsﬁal—xgzggigllular 5.41E-12 2.07E-09 CDKN1A:IL6:CXCLS:... 10
VEGf;Qt-h\CVEa;;S\F/zé?)séigggaling 1.66E-10 6.37E-08 LRRC59:NRP2:PRKAA:... 27
VEGI;,:t-h\CVEac;I\:EFz’S%igganng 1.05E-11 2.59E-09 HSPOOAALANXAL:... 18
Lung fibrosis WP3624 6.32E-09 1.73E-06 GREMlI;v(IZS(F:?é; l|3 I;_I\E;I;'I\DAIE@U;EGF; ;
IL-18 signaling pathway Wp47s4 | 23317 | LOSE-14 GSK3B;CEBPB;CXCLS;... 29
Effects of nitric oxide WP1995 | 2.93E-05 0.00310457 NOS1:XDH 5
TP53 network WP1742 2.14E-13 9.13E-11 CDKN1A;CDKN2A;MYC;... 9

Next, we used the Cytoscape tool (Franz et al., 2016) to visualize the correlation network
between the cell signaling pathways and the overlapping genes for all the top enriched
pathways from the previous step. In total, we took the 10 significant pathways that were
enriched among the 20 disease-gene group pairs to visualize. Figure 4.8 represents the
signaling pathway networks with overlapping genes across different GEO datasets.
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Figure 4. 8: Network visualization of the gene interaction for the cell signaling pathway with
overlapping genes for the ten GEO datasets using the cytoscape tool.

As we have stated, we examine 10 different GEO gene expression datasets, studying mostly
different diseases. Figure 4.8 illustrates the most significant pathways related to all given
datasets, indicating that disease genes are correlated and associated even when studying
different diseases. The network in Figure 4.8 shows that GediNET discovers important
biological information related to various diseases. Moreover, we have studied the
significance of GediNET on the GDS3257 data by considering the top 2 significant diseases
having 12 distinct genes. Figure 4.9 illustrates the network of the most significant pathways
and their related genes.
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Figure 4. 9: Network visualization of the cell signaling pathway with overlapping genes for
the GDS3257 dataset using the cystoscope tool.

4.9 Disease-Disease Associations

We suggest that a disease is characterized by a particular set of genes. To find a disease-
disease relationship, one can use various association indices that take into account the shared
genes between the two diseases. One could utilize metrics such as Jaccard, Simpson,
Geometric, Cosine, and Pearson correlation coefficient (PCC) (Yousef et al., 2009; Yousef,
Sayic, et al., 2021) .

Efforts towards Disease-Disease associations (DDA) have been recognized for their
significance in uncovering new disease associations and expanding understanding of disease
interactions, potentially leading to advancements in disease diagnosis, prognosis, and
treatment. However, shared genes provide only restricted insight into the connection

39




between two disorders. There are extremely few known DDAs and reliable relationships.
Therefore, it indicates that additional efforts are needed for DDA detection.

Computational methods establish mathematical criteria for identifying disease modules
within the incomplete human interactome. These methods demonstrate that the network-
based position of each disease module dictates its pathobiological connection to other
diseases (Menche et al., 2015a). Suratanee A. and Plaimas K. (Suratanee & Plaimas, 2015)
created a new network-based scoring system named DDA to detect connections between
diseases in a comprehensive research project. They have devised a technique that relies on
random walk prioritizing within a protein-protein interaction network.

DisGeNET's API offers disease-disease associations based on shared genes and variations
calculated between pairs of diseases by source. DisGeNET uses two metrics to compute the
Jaceard g =

Gy NGy
DDA. The first one is the Jaccard Index (JI) - G1UG> , G1 represents the genes
related to Disease 1, while G2 represents the genes associated with Disease 2.

The second one is Jaccard variance * "V T ViUVe | Vi represents the variants linked to
Disease 1, while V2 represents the variants linked to Disease 2.

In order to compute, for each dataset, the standard DDA in GediNET, we have computed the

fraction of the number of shared genes for each pair of the top-scored disease group for 4
datasets, as illustrated in Figure 4.10.
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GDS19662 GDS3257
Disonse| B | N[ B 3[88[5(2|S[3| [owemel 3| |2[3|8|8(5]|8[2]3
d1 0.3 |0.0|0.0]00] 0.0 0.5 d1 01/02[/03|02/01[02]|01]02]02
d2 0.4|0.1/00 0.1 0.1 d2 041 0.2 0.1]0.2 02|02]03
d3 |03 01/01/01|/01|00/00]03 d3  02]02 01/02/03|01[02/03]02
da [0.0]|04 01 01/02/01]02|02]0.0 da 0.3 0.1 0.1 0.1 /01
ds |00]/01/01]01 0.1/01/01]|0.1)0.0 ds 02]01]0.2 02/02/01|02]01
d6 00|00 01|02]01 0.1]/0.0(0.1]00 d6 0.1]02/03 0.2 0102|0202
d7 | 0.0 01/01/01]01 0.1 0.1 d7 0.2 01/01]02]01 0.1/ 01
ds 0.1/00/02|01|00]/01 0.2 d8 010202 0.1 /0.2 0.2 |02
d9 0.1/00/02|01)0.1 0.2 d9 02/02|/03|01|/02/02]01]0.2 0.3
dio | 0.5 03]00[/00]/00]01 dio 02|03|/02/01/01|/02|01/|02]03
GDS2771 GDS5499
Diaase| 3 | [ B[ 3|8 8[5|8|B[3| |omensel 3|28 (8|5[(8(2]8
d1 |o03/01/02/03]/02|02|01]0.2 d1 04|/02|02[01]01|02]01 0.2
d2 0.2 |01 0.1/01|04]01 d2 |04 02/02|01/01|/03/02]|01]0.2
d3 |03 0.1/06/01/01 0.1 d3 |0.2]02 03[02|01|03]0.2 0.3
da | 0102 0.1 0102|0201 da |0.2]|02]03 01/02/02|03]01]03
ds |0.2]|01]|01]|01 0.1/02]03 0.2 ds [01]01|02]01 0.2 |01 0.1
d6é | 0.3 0.6 0.1 0.1/ 01 0.1 d6 0101|0102 01/02]01]02
d7 [02]/01[01]/01]02 01 02/01]|03 d7 |02/03/03/02]/02]01 02/01]0.2
d8 [02]01|01]/02[03]|01]0.2 0.1/ 0.2 d8 |0.1]/02/02/03|01]02]02 0.2 0.2
d9 [01]o0.4 0.2 0.1/ 0.1 0.1 d9 0. 0.1 010102 0.1
dio [0.2]01]01]01]02]01]03]02]01 dio |0.2]02/03|03/01]02]/02]|02|01
GDS19622 GDS3257 GDS2771 GDS5499
d1 ADULT GLIOBLASTOMA ACOUSTIC NEUROMA BLADDER NEOPLASM ACUTE LEUKEMIA
d2 DERMATOFIBROSARCOMA ADENOCARCINOMA OF COLON CARCINOMA, SMALL CELL ACUTE MONOCYTIC LEUKEMIA
d3 EPITHELIAL OVARIAN CANCER ADENOCARCINOMA OF ESOPHAGUS COLORECTAL CARCINOMA CHOLANGIOCARCINOMA
da GIANT CELL FIBROBLASTOMA ADENOCARCINOMA OF LUNG, STAGE | GASTROINTESTINAL CARCINOID TUMOR GALLBLADDER CARCINOMA
ds INTESTINAL CANCER ADENOCARCINOMA OF LEUKEMOGENESIS GLIOBLA MULTIFORME
dé MALIGNANT NEOPLASM OF COLON STAGE IV ADENOMATOUS POLYPOSIS COLI UIVER CARCINOMA SYNDROME, MULTIPLE
d7 PAPILLARY RENAL CELL CARCINOMA QUAMOUS CARCINOMA MALIGNANT HEAD AND NECK NEOPLASM HEPATOCARCINOGENESIS
ds PLASMA CELL NEOPLASM ADULT ACUTE LYMPHOCYTIC LEUKEMIA MANTLE CELL LYMPHOMA PAPILLOMA
d9 RHABDOID TUMOR OF THE KIDNEY ADULT RHABDOMYOSARCOMA MUCINOUS ADENOCARCINOMA PROGRESSION OF NON-SMALL CELL LUNG CANCER
d10| SECONDARY MALIGNANT NEOPLASM OF LYMPH NODE | ADULT T-CELL LYMPHOMA/LEUKEMIA PANCREATIC NEOPLASM RECTAL CARCINOMA

Figure 4. 10: An example of the DDA for four datasets in GediNET. The number of shared
genes for the top-scored disease group is represented. The upper panel shows the DDA for
GDS1962, GDS3257, GDS2771 and GDS5499 datasets. The lower panel shows the
annotations used

GediNET differs from the tools mentioned above in that it is based on machine learning for
detecting the relationships between diseases and DDAs, which detect novel and previously
unknown associations. We conducted a further analysis to explore if GediNET can identify
novel relationships between diseases using the DisGeNET API.

Table 4.8 A, B illustrates, for each data set, the three top diseases detected by the DisGeNET
API and the top 3 ranked diseases by GediNET. For each detected disease by DisGeNET,
we have looked up the disease in the list of ranked diseases by GediNET to examine the two
tools.

Table 4.8- A: illustrates the three top detected diseases by DisGeNET API and the top 3

ranked diseases by GediNET for each GEO dataset. For each detected disease by DisGeNET,
we have looked up the disease in the list of robust ranked aggregated disease results by
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GediNET. The values in parenthesis for the rows of DisGeNET are the position of the disease
and the p-value assigned by GediNET.

GEO Data The Data Top 1 Disease name Top 2 Disease name Top 3 Disease name
Set/ Disease
Target
Disease
GDS1962/ DisGeNET Recurrent Adult Astrocytic Tumor ALPHA-
Endometrial Cancer (#253, pv=0.22) THALASSEMIA/ME
BrainStem (#193, pv=0.16) NTAL
Glioblastom RETARDATION
a SYNDROME,
NONDELETION
TYPE, X-LINKED
GediNET PAPILLARY PLASMA CELL ADULT
RENAL CELL NEOPLASM GLIOBLASTOMA
CARCINOMA
GDS2545/ DisGeNET Metastasis from Hormone refractory Secondary malignant
malignant tumor of prostate cancer neoplasm of bone
Metastatic prostate (#274, pv=0.34) (#62, pv=0.04)
prostate (#25, pv=0.01)
cancer
GediNET CHILDHOOD RHABDOMYOSARCO SECONDARY
RHABDOMYOSAR MA MALIGNANT
COMA NEOPLASM OF
LIVER
GDS2771/ DisGeNET Primary malignant Carcinoma of lung Non-Small Cell Lung
neoplasm of lung (#97, pv=0.08) Carcinoma
Lung Cancer (#50, pv=0.03) (#141, pv=0.14)
GediNET MANTLE CELL GASTROINTESTINAL MUCINOUS
LYMPHOMA CARCINOID TUMOR ADENOCARCINOM
A
GDS3257/ DisGeNET Non-small cell lung Adenosquamous cell Adenocarcinoma,
cancer recurrent lung cancer metastatic
Lung (#116, pv=0.11) (#137, pv=0.15) (#200, 0.22)
Adenocarcin
oma
GediNET ACOUSTIC ADENOCARCINOMA ADENOCARCINOM
NEUROMA OF COLON A OF ESOPHAGUS
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Table 4.8- B: illustrates the three top detected diseases by DisGeNET API and the top 3
ranked diseases by GediNET for each GEO dataset. For each detected disease by DisGeNet,
we have looked up the disease in the list of robust ranked aggregated disease results by
GediNET. The values in parenthesis for the rows of DisGeNET are the position of the disease

and the p-value assigned by GediNET.

GEO Data Set/ The Data Top 1 Disease name Top 2 Disease Top 3 Disease
Target Disease Disease name name
GDS4206/ DisGeNET Childhood Leukemia Melanoma Glioblastoma
(#96, pv=0.13) (#29, pv=0.03) Multiforme
Pediatric acute (#115,
leukemia patients pv=0.18)
with early relapse:
white blood cells
GediNET ACUTE LEUKEMIA ADULT DIFFUSE ESOPHAGEA
LARGE B-CELL L
LYMPHOMA CARCINOMA
GDS5499/ DisGeNET Idiopathic pulmonary Vascular Diseases Endothelial
hypertension dysfunction
Pulmonary
hypertension
GediNET CHOLANGIOCARCINO HEPATOCARCIN PAPILLOMA
MA OGENESIS
GDS3837/ DisGeNET Primary malignant Carcinoma of lung Neoplasm
neoplasm of lung (#10, pv=0.009) Metastasis
Non-small cell lung
carcinoma in female
nonsmokers
GediNET EARLY-STAGE BREAST MENINGIOMA, COLORECTA
CARCINOMA BENIGN, NO L
ICD-O SUBTYPE CARCINOMA
GDS4516_4718/ DisGeNET Malignant neoplasm of Carcinogenesis Neoplasm
colon and/or rectum Metastasis
Colorectal (#3, pv=0.002)
Carcinoma
GediNET ACUTE LEUKEMIA ACUTE Malignant
LYMPHOCYTIC neoplasm of
LEUKEMIA colon and/or
rectum

In Table 4.8, we have included additional information. The values in parenthesis for the rows
of DisGeNET are the position of the disease and the p-value assigned by GediNET.
Interestingly, excluding just one disease, all the top three significant diseases detected by
GediNET are novel. This suggests that the tool detects new biological knowledge that the

biology researcher should consider.
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410 Discussion

This study presents an innovative approach for identifying associations between diseases
and identifying the genes/biomarkers linked to those diseases. The method involves
categorizing genes based on disease connections and evaluating these groups for their
categorization significance in training the machine learning model. For example, if a model
created from the given data associated with a specific disease, such as lung cancer, is also
found to apply to a subset of different diseases, this could suggest a previously undetected
biological relationship with those other diseases that could inform clinical approaches not
previously considered. The traditional approach of searching for genes that could be used as
a biomarker in most cases yields a list of significant genes that solve the computational
problem and does not take into account any prior knowledge about those genes, as such,
their association with other diseases or even with other biological knowledge such as
microRNA targets (see maTE (Yousef et al., 2019)), or Pathways (See CogNet (Yousef,
Ulgen, et al., 2021)), GeneOntology (See (Ersoz et al., 2023)).

Our GediNET tool is unique in that: (1) the search for the significant biomarkers/genes
focuses on gene groups rather than single genes associated with the disease and (2) the final
list of genes can be used to define new disease-disease associations. GediNET identifies
important relationships between diseases, using DDA based machine learning, which
investigates new associations that expand our understanding of disease interactions and
enhance disease diagnosis, prognosis, and treatment by identifying novel disease
associations.
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CHAPTER FIVE

GEDINETPRO: DISCOVERING PATTERNS OF DISEASE GROUPS

5.1 Introduction

The GediNET tool is based on the Grouping, Scoring, and Modeling (G-S-M) approach for
detecting disease-disease association (DDA). In this study, we have developed the pro
version, GediNETPro, that utilizes the Cross-Validation (CV) information to detect patterns
of disease group association by applying clustering approaches, such as K-means, extracted
from the groups’ ranks over the CV iterations. Additionally, a cluster score is computed to
measure its significance and provide a deep analysis of the output of GediNET, yielding new
biological knowledge that GediNET did not detect. Further, GediNETPro utilizes a
visualization approach, such as a heatmap, to get novel insights and in-depth analysis of the
disease clusters, revealing the relationship between diseases that might be used for
developing effective interventions for diagnosing. We have tested GediNETPro on the
Breast cancer dataset downloaded from the TCGA database. Results showed deeper insight
into the interaction and collective behavior of the DDA, facilitating the identification and
association of potential biomarkers.

5.2 GediNETPro

In the field of Machine Learning, one is required to evaluate the model created after
training the classifier. Different approaches for evaluating the performance are used, such
as k-fold cross-validations, repeated k-folds, and leave-one-out (Wong, 2015).

Monte Carlo Cross-Validation (MCCV), often referred to as repeated random sub-sampling
CV, is a reliable technique for dividing a dataset into training and testing sets. As the name
suggests, it randomly chooses the percentage of each split in each iteration, meaning no
defined percentage of the dataset is left out in each iteration. MCCV is preferred over leave-
one-out CV as the splits’ proportion is independent of the number of iterations, which avoids
the cause of over-fitting in prediction (Xu & Liang, 2001).

To perform the MCCV, the dataset is first randomly divided into training and testing parts.
In each iteration, the percentage of splits is different; for example, it might be 80% training
and 20% testing or 75% training and 25% testing. Some data splits are never selected in
training, and others are chosen more than once. Second, the model is computed by fitting the
ML using the training part, and the performance is measured with the testing dataset. The
performance metrics are calculated through cross-validation iterations.

Our recently developed integrative machine learning-based tool, GediNET (Qumsiyeh etal.,
2022), detects disease-disease associations and gene biomarkers for the disease under study.
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The tool based on the G-S-M approach initially incorporates gene-disease associations from
the DisGeNET database (Pifiero et al., 2017) and gene expression datasets in the G
component. A set of groups is given as input. Each group has a unique disease name and
associated genes with the disease. Further, the task of the S component is to compute a score
that measures to what extent it is differentially expressed considering the given two classes.
This is performed after training each group with its associated sub_data using a Random
Forest (RF) classifier. The GediNET tool was implemented in KNIME (Berthold et al.,
2008).

GediNET provides a unique output of a list of groups ranked by a score, while the traditional
approach output is a list of genes ranked by a score. Additionally, it provides a relationship
between the top detected significant disease groups among those groups and their association
with the main disease under study. Besides, in the original version of GediNET, a Monte
Carlo CV (MCCV) is applied to estimate the tool's performance. We have applied 100
iterations of splitting the data into training and testing, where 90% of the data is used for
training the classifier in the (the M component). While the remaining 10% is for testing to
evaluate its performance. The aggregation of all those splits is collected, while the means
and standard deviations are reported for each performance measurement. However, the tool
did not exploit the knowledge that can be extracted from the MCCV iterations. Therefore,
we have developed a new component, P, to extract the hidden patterns in MCCV using the
new Pro version. Figure 5.1 illustrates the GediNETPro version that utilizes the MCCV to
reveal hidden patterns and additional biological knowledge.
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Figure 5. 1: Hlustration of the GediNETPro. The input panel contains the gene expression
data and the grouping table. Component G creates the sub_datasets based on the Input
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panel. The MCCV panel uses the S component to perform the looping. The P component
tracks the output of MCVV and S to be stored as a cumulative table.

The “Input” panel in Figure 5.1 contains the two-class gene expression table and the
grouping table. Both tables will serve as input to the G component. The G component creates
for each disease group its related two-class sub_datasets (G panel, Figure 5.1) by extracting
the related columns (genes) from the original data with the class label (the ¢ column in G
panel, Figure 5.1) based on the Input panel. The “MCCV” panel cooperates with the S
component to perform looping of r iterations. The P component collects cumulative
information from each disease group, including gene sets, scores, and ranks. All the
information is collected under the “Cumulative Table” in Figure 5.1, P component, whereas
the “Cumulative Table” is summarized (See an example in Table 5.5). In the current version,
we have redefined the rank according to Table 5.1, utilizing the score (accuracy) computed
by the S component (See Figure 5.1). This system of ranks allows us to explore the patterns
of the groups in more depth.

Table 5.1: The Rank scale is based on the score values.

Rank 1 2 3 4 5 6 7 8 9 10 11

Score, >0. | [0.90- | [0.85 | [0.8- | [0.75 | [0.7- | [0.65- | [0.6- | [0.55 | <0.55 | Absent of
ACC 95 | 0.95) | -0.9) | 0.85) | -0.8) | 0.75) 0.7) | 0.65) | -0.6) group

Table 5.1 shows that the value of 11 will be assigned to the group that failed to extract its
associated subdataset due to filtering out genes with low signal.

5.3 P Component: Detect Patterns of Diseases Associations

Let's assume we have m groups of diseases. The S component assigns each group a score
and a rank over the r iterations (We have set r to be 100). As a result, a matrix R with m rows
and 100 columns is computed, where each row represents one disease group and the columns
are the iterations ranks. R(i,j) is the rank assigned by the S component for group i in iteration
J- Table 5.5 is an example of such output, where the ranks are stored in the column *“ Ranks
list.”

Let R, be row p of matrix R representing all rank values over the 100 iterations. Each R,
is a point in 100 dimensions. One way to detect patterns of group ranks is by computing the
similarity between R, p = 1,...,m. Clusters of those rows (points) would serve to find
associations between diseases (groups). We have used K-means to detect such clusters.
Then, for each cluster, a cluster score is assigned by averaging all the scores of its members.
We have used K-means to estimate the number of clusters. The cluster with the least value
is the most significant cluster that contains the top-ranked groups. The pseudo-code of the
new P component is presented in Table 5.2.
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Table 5.2: Pseudo code for detecting patterns of ranks of disease groups over 100
iterations.

P component
R is the diseases group ranks matrix over 100 iterations

Let k be the estimated number of clusters over R
clusters = K-means (R,k) //Apply clustering approach
fori=1tok
c_score{i} = mean ( clusters{i} ) //compute the average ranks of each cluster
sort(c_score, “increasing order”)

We have implemented the P component in KNIME (Berthold et al., 2008) using H20 (Aiello
etal., n.d.). The H20 k-means node has the option of estimating the number of clusters that
were used in P.

5.4 Results

GediNETPro is executed on the BRCA-TCGA data explained in section 2.1.3 with a 100-
fold MCCV. The performance measures of accuracy, sensitivity, specificity, and AUC are
reported in Table 5.3. The performance of the top-10 ranked groups is cumulatively
presented in Table 5.3. The last row presents the results of Group number 1, the top-ranked
cumulative group, with an AUC of 0.91, specificity of 0.83, sensitivity of 0.83, and accuracy
of 0.83, obtained by an average of 6.17 genes. The last second row, Group humber 2, presents
the performance results of the top cumulative two groups.

Table 5.3: The performance table of GediNETPro for the top-ranked 10 groups averaged
for 100 MCCV.

#Groups #Genes Accuracy Sensitivity Specificity AUC
10 7.78 0.84 0.84 0.84 0.92
9 7.59 0.84 0.84 0.84 0.92
8 7.55 0.84 0.84 0.84 0.92
7 7.43 0.84 0.84 0.84 0.92
6 7.25 0.84 0.84 0.84 0.92
5 7.09 0.84 0.84 0.84 0.92
4 7 0.84 0.84 0.84 0.92
3 6.67 0.84 0.83 0.84 0.91
2 6.52 0.84 0.83 0.84 0.91
1 6.17 0.83 0.83 0.83 0.91
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As seen from Table 5.3, there was no improvement in the AUC after the level of 4
accumulative groups. However, the user might be interested in examining more than 4 top
groups to explore the association between disease groups. Since there is no change in the
value of the AUC, one might use this level as the optimal threshold for the number of groups.

19%
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11% 11.60% 11%
3 d 5 6 7 8 9 10

Figure 5. 2: The frequency of the groups ranks over all the iterations.
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Figure 5.2 shows that none of the disease groups (1 out of 207,565) reaches the highest rank
of 1, which impacts the performance of GediNETPro which has an accuracy of about 84%,
as shown in 0.4. We have also seen that about 50% of the groups are ranked above the
average in the range [1-6]. However, researchers would be mostly interested in the groups
that are highly ranked. We might consider the range [1-4] for that purpose. Moreover, just
1% of the groups ranked with the lowest rank of 10. This is the impact of the filter step we
applied using the statistics t-test, as explained in more detail in (Qumsiyeh et al., 2022).

Table 5.4-A: Cumulative Table of GediNETPro analysis of the molecular subtype datasets
of BRCA. The table summarizes frequency, average score and rank, number of associated
genes, and corresponding gene list over 100 iterations

Group Average | Average | #Associated Associated Genes Ra}nks
Score rank Gene list
ACINAR CELL MSANTD3, 3,4,33,
CARCINOMA 0.85 3.28 10 CENPF, PSAT1,... | 4,3,3,4,..
ACINAR CELL
CARCINOMA OF 0.72 34 4 BCRSIIXI’ZLPS& 6, 5?55’85, 8,
PANCREAS D
ACINIC CELL 78777
CARCINOMA OF 0.66 7.29 1 MSANTD3 78 8 .
SALIVARY GLAND >

49



Table 5.4-B: Cumulative Table of GediNETPro analysis of the molecular subtype datasets
of BRCA. The table summarizes frequency, average score and rank, number of associated
genes, and corresponding gene list over 100 iterations

Grou Average | Average #Associated Associated Ranks
P Score rank Gene Genes list
GSTP1, MET, 3,4,3,34,
ACOUSTIC NEUROMA 0.85 34 18 TP53... 3.4.4,
ACRAL LENTIGINOUS
MALIGNANT 0.64 7.54 3 CDSFSQ,OKMDlMlA, 8,87,77’87, 7
MELANOMA o
SLC6A2, 8,7,7,7,7,
ACROSPIROMA 0.68 6.88 3 ERBB2, EPHBL | 7.8. 8.
ACTH-SECRETING 076 5.28 12 IFNG, GAPDH, | 8,7,7,7,7,
PITUITARY ADENOMA ' TP53, ... 8,7, ..

Table 5.4 is an example of a “Cumulative Table” that appears in Figure 5.1, with summary
statistics. The average score and rank over the 100 iterations for each disease group are
calculated in the S component (S panel, Figure 5.2) and presented correspondingly under the
“Average Score” and “Average Rank” columns. The number of associated genes for each
disease group and their unique associated genes are listed in the “#Associated Gene” and
“Associated Genes” columns, respectively.

5.5 Detect Clusters of Groups by P component

The output creates 2414 groups, thus a rank matrix R with dimensions of 2414 rows and 100
columns.

Table 5.5: The summary output of component P describes 8 detected clusters of disease
groups.

Cluster name | Number of Groups | Group Score
cluster_0 316 2.79
cluster_1 379 3.73
cluster_2 257 4.76
cluster_3 498 5.83
cluster 4 279 6.72
cluster_5 247 7.56
cluster 6 218 8.47
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Applying the P component detects 8 clusters of groups, while the top-ranked cluster gets a
score of 2.79, and has 316 disease groups, as illustrated in Table 5.6. All the disease groups
belonging to cluster_0 have similar high ranks over the iterations.

Table 5.6: The top 10 ranked disease groups detected by component P.

Disease Group Name Score
ADENOMA_OF_LARGE_INTESTINE 2.29
MALIGNANT_GLIOMA 2.3
CONVENTIONAL_(CLEAR CELL) RENAL_CELL_CARCINOM 2.3
A
PAPILLARY_THYROID_CARCINOMA 231
MALIGNANT_NEOPLASM_OF _THYROID 231
ASTROCYTOMA 2.33
NON-SMALL_CELL_LUNG_CARCINOMA 2.33
SECONDARY_MALIGNANT_NEOPLASM_OF_LYMPH_NODE 2.35
EPITHELIAL_OVARIAN_CANCER 2.36
CARCINOMA_OF_URINARY_BLADDER, _INVASIVE 2.36

Table 5.6 shows the top-ranked 10 disease groups that belong to cluster_0, with their score,
as suggested by the pseudocode, being the mean of all the ranks over the 100 iterations.

5.6 Detect Clusters of Groups by Visualization

One of the outputs of GediNETPro is the heatmap in Figure 5.3, which illustrates the clusters
of diseases over the 100 iterations. Random groups of diseases with their average rank and
iteration information are visualized in the heatmap in Figure 5.3. The rank scale is also
apparent in Figure 5.3. The top-ranked groups are colored dark red, whereas low-ranked
groups rarely detected within the 100 iterations are colored blue and dark purple. Therefore,
while analyzing the heatmap, significant diseases that have a red color are essential to be
analyzed. Once analyzed, new information would reveal hidden patterns with new
biological meanings. For example, as seen in Figure 5.3, the MALIGNANT NEOPLASM
OF GALLBLADDER and MALIGNANT NEOPLASM OF STOMACH co-occurred with
a very high rank. Thus, these two diseases might be associated with the BRCA disease.
Moreover, for validation, according to the literature, we have found a strong connection
between the two diseases and BRCA. Missori, Giulia, et al. (Missori et al., 2020) have
reported that breast cancer's potential for secondary malignant growth within gallbladder
tissues is very high. The growth of small, flat nodules on the inner surface of the gallbladder
mucous cells in patients with breast cancer is also expected. Their findings reported the
significance of carefully examining the Gallbladder postoperatively for older patients with
breast cancer. They also confirmed a high risk of getting Gallbladder cancer from Stomach
cancer.
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From Figure 5.3, HEREDITARY NON-POLYPOSIS COLON CANCER TYPE 2 AND
HYPERPLASTIC POLYP diseases are two complementary pairs. This means that when one
group appears highly ranked in a specific iteration, the second complementary one appears
with a lower rank. This has been true for these two disease groups over the 100 iterations.

Furthermore, Figure 5.3 shows 6 significant disease groups that are highly ranked and
appear in all iterations. These groups are MALIGNANT NEOPLASM OF
GALLBLADDER, MALIGNANT NEOPLASM OF STOMACH, NON-SMALL CELL
LUNG CARCINOMA, RENAL CARCINOMA, THYROID NEOPLASM AND
TRANSITIONAL CELL CARCINOMA OF BLADDER. Their average rank is reported to
be 3.01, 2.41, 2.33, 2.66, 2.38, and 2.74, respectively. Such behavior invites and suggests
more investigations are needed to find hidden patterns and possible correlations between
these diseases and BRCA at the molecular-basis cell level.
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Figure 5. 3: Heatmap of groups with rank information over 100 iterations.

The low ranks, such as 9 and 10, would also provide biological knowledge. For example,
Figure 5.3 shows that the disease WELL DIFFERENTIATED HEPATOCELLULAR
CARCINOMA was scored all over the iterations with a very low rank, suggesting that this
disease is not associated with the BRCA disease.
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Figure 5. 4: Heatmap of the genes ranks over iterations.

The S component assigns each group a score, which is also assigned to the genes that are
members of this group. Thus, at the end, we will also have information about the ranks of
the genes. The robustrank aggregation is applied to those 100 lists to assign a p-value for
each gene. For visualization, genes that appear less than 5 times out of 100 iterations are
filtered out. Genes with a p-value less than 0.05 are selected. Then we randomly selected 50
genes, which are presented in Figure 5.4 as a heatmap. Figure 5.4 shows that most of those
genes belong to groups that are also highly ranked.
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CHAPTER SIX

DETECTING SEMANTIC SIMILARITY OF DISEASES BASED
MACHINE LEARNING

6.1 Introduction

Identifying disease-disease associations (DDAS) is critical in medicine and systems biology,
providing valuable insights into the complex relationships among different diseases. Recent
advances in systems biology and the increasing availability of diverse biological data have
provided opportunities for such research. However, the heterogeneity of the data makes it
difficult to identify disease associations. To develop effective methods for predicting DDA,
it is necessary to leverage data at the molecular level. In this study, utilizing the Grouping-
Scoring-Modeling approach, we have developed a statistical technique to compute a
semantic similarity metric between the disease under study and other diseases. We have also
used Jaccard similarity to compute similarity among disease groups. We have considered
GediNETPro to record, over the Monte Carlo cross-validation, all the ranks based on the
scores assigned by the S component to each disease group. The K-means clustering
algorithm is employed to these recorded ranks for each disease group to detect patterns of
similar diseases by placing them into coherent clusters. Each of the clusters is given a cluster
score by averaging the ranks of its members. Notably, the lowest cluster score is the more
significant one. The semantic approach is applied to the top-ranked clusters to detect a
semantic relationship between the disease under investigation and other diseases (groups).
In addition, we have applied diversity metrics based on the Jaccard index to each disease
cluster to support the semantic findings. A high degree of diversity indicates a greater
likelihood of detecting distinct groups with semantic relationships. This study enhances our
understanding of disease associations and increases our ability to improve treatment
strategies. This is especially important in a context where disease associations go beyond the
scope of genetic factors.

Disease-disease association (DDA) detection has become an emerging topic in the field of
bioinformatics and medical research. It involves identifying the underlying relationships and
associations between different diseases, which could provide crucial understanding of the
biological pathways and mechanisms underlying the onset and progression of disease.
Furthermore, DDA detection can also facilitate drug repurposing studies, accelerate the
identification of novel therapeutic targets, and aid in developing personalized treatment
strategies (Xiang et al., 2022). Recent studies have demonstrated that similar diseases
frequently have similar molecular causes, similar markers or traits for diagnosis, and similar
medications for treatment. This suggests that we could potentially discover new effective
molecules for a disease by looking at similar diseases we already know about. As a result,
there's an increasing focus on researching how diseases are similar (Cheng et al., 2019) .
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Despite the potential benefits of DDA detection, this area remains relatively unexplored
compared to other disease association studies, such as disease-gene or disease-protein
associations. The limited amount of research on DDA detection can be due to several factors,
such as the complexity and heterogeneity of diseases, the lack of comprehensive and reliable
data sources, and the difficulty in analyzing large and diverse datasets (Menche et al.,
2015b).

The similarity between sets or groups is mainly based on the content of the groups; by this,
we mean applying some distance metrics between the sets to compute their similarity or
dissimilarity. Different distance metrics, including the Euclidean distance, Manhattan
distance, cosine similarity, Jaccard similarity, etc., can be used to measure how similar two
sets are. These metrics compare the elements in the sets or groups and provide a quantitative
measure of how similar or dissimilar they are (Irani et al., 2016). On the other hand, semantic
similarity measures how similar two pieces of text are in terms of their meaning and context.
It is based on the concept of word embeddings, in which words are mapped to high-
dimensional vectors that capture their semantic meaning. Semantic similarity can be
computed using various techniques, such as word embeddings (Ye et al., 2016), Latent
Semantic Analysis (LSA) (Suleman & Korkontzelos, 2021), and WordNet (Meng et al.,
2013). The application of semantic similarity in text mining allows for more accurate
analysis of text data, such as clustering and classification of documents, recommendation
systems, and sentiment analysis. It helps identify patterns and relationships between pieces
of text that may not be apparent from just the content alone (Hadj Taieb et al., 2013).

This study extends the concept of semantic similarity into the biological domain to detect a
relationship between groups of diseases and the disease under study. Each group represents
one disease by containing its associated set of genes. We have proposed a novel semantic
similarity metric that is based on machine learning and adopts the G-S-M-P model of our
earlier tool, GediNETPro (Qumsiyeh et al., 2023b).

The unique semantic similarity metric developed inside the G-S-M-P framework aims to
address the shortcomings of conventional similarity measures that frequently do not
adequately represent the intricate links across diseases in multi-omics data. Conventional
techniques like cosine similarity or Pearson correlation emphasize statistical correlations
while neglecting the biological context of these linkages. Our semantic similarity measure
incorporates biological knowledge, enabling a more contextually informed evaluation of
disease associations. This metric is crucial since it utilizes both quantitative data and
qualitative biological insights, facilitating a more profound comprehension of disease
interactions at the molecular level.

6.2 Method

The method proposed is depicted in Figure 6.1. The suggested method uses GediNETPro,
adding two new components to the workflow, Rn Component and the Semantic Component
(SC). The tool requires two inputs: the first is the two-class gene expression data for a
specific disease, which we refer to as the target disease D (See Figure 6.1, component Input,
Dataset D). The second input is the pre-existing biological knowledge obtained from the
database DisGeNET. In this study, we follow the same grouping procedure proposed in
GediNETPro (Qumsiyeh et al., 2023b). In other words, in the grouping component G, genes
are grouped based on the disease information obtained from the DisGeNET. See Table 6.1
for an example of those groups.
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Table 6.1: The Disease groups and their associated genes are formed based on the
DisGeNET database.

Disease Groups Genes
adult_anaplastic_ependymoma CD151, DKC1, GSTP1,...
adult_diffuse_astrocytoma ATP2A2, BRAF, CDKN2A, ...
adult_gliosarcoma AIF1, AKTI1, BRAF, ...
adult_undifferentiated_pleomorphic_sarcoma AMPD2, CDKN2A, CTLA4, ...
barrett's_adenocarcinoma APC, BCL2, BRAF, ...
benign_mastocytoma CASP9, CSF2, CTLAA4, ...
gliomatosis_cerebri BRAF, CD44, FGFRA4, ...
stage_i_lung_cancer_ajcc_v6 CDKS8, EGFR, ENOI, ...
stage_ii_colorectal_cancer BRAF, CASP10, CDK1, ....
stage_iii_colorectal_cancer SERPINA3, ACTGI1, ACTG2, ...
unilateral_breast_carcinoma ATM, BRCA1, BRCA?2, ...

For each group g we extracted its associated two-class subdataset from the dataset D
(specifically the train part of D). In the scoring component S, a score is assigned by applying
an internal Monte-Carlo cross-validation on the two-class subdataset (see Figure 6.1,
Component S).

A new component, Rn, is added to the workflow to obtain ranks for each group. The Rn
component sorts the groups in descending order based on their scores. Groups with higher
scores appear at the top of the list, while those with lower scores appear toward the bottom.
Next, a rank is assigned to each group based on its position in the sorted list. The regular
ranks of the group with the highest score receive rank 1, the next-highest score receives rank
2, and so on. In our tool, we have provided a transformed rank based on the following table.

Table 6.2: The Rank scale is based on the score values.

Rank 1 2 3 4 5 6 7 8 9 10 11

Score, | >0. | [0.90- | [0.85 | [0.8- | [0.75 | [0.7- | [0.65- | [0.6- | [0.55 | <0.55 | Absent of
ACC | 95 | 095) | -09)|085 | -08) [ 075 | 0.7) | 0.65) | -0.6) group

Considering the scores assigned by the S component, Table 6.2 describes the ranking method
that the Rn component adopted. The Rn component categorizes disease groups into 11 ranks,
each associated with specific ranges of scores. The ranks range from the highest accuracy
(Rank 1 with a score above 0.95) to the lowest (Rank 10 with a score below 0.55). An
additional Rank 11 represents a group that couldn't extract its subdataset due to filtering out
genes with low signal.

In GediNETPro, the dataset D is split into two parts, 90% of D for training and 10% for
testing. This process is repeated 100 times (we refer to it as the Monte Carlo cross-validation
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external loop). In each loop, the S score is implemented to score all the groups. The Rn
component uses this output to create the R matrix. The dimensions of R are m rows, which
is the number of groups, and 100 columns. Each column corresponds to an iteration (R1, R2,
R3,..., R100) and contains the rank value assigned to the respective group for that iteration.
In the Rn component, these scores are converted to ranks based on Table 6.2. Table 6.3
represents a part of the R matrix. Besides, See Figure 6.1, component Rn, and matrix R.

Table 6.3: A part of the R matrix

Group names R1|{R2[R3[R4[R5[R6 R97|R98[R99|R100
ACINAR_CELL_CARCINOMA 3|lal3]|3]4a]3 2|af3] 3
ACINAR_CELL_CARCINOMA OF PANCREAS [ 6 [ 7[5 |5 ] 8|5 7]l5]8]| 5
ACINIC_CELL_CARCINOMA OF SALIVARY G| 7 |8 |7 |7 |7 |7 7|88 7
LAND
ACOUSTIC_NEUROMA 3|laf3]|3]3]3 3|lafa] a
ACRAL_LENTIGINOUS_MALIGNANT MELANO| 8 [ 7 |7 [ 7|7 |8 s8|7[8] 8
MA
ACROSPIROMA 71717766 6|77 7
ACTH-SECRETING_PITUITARY _ADENOMA |5 |56 |6 |6 |4 45|55
ACTINIC_KERATOSIS 3lafl2]3]3]3 3laf3] 2
ACTIVATED_B- 5|5|6|6]5](5 5|5[5] 5
CELL_TYPE_DIFFUSE_LARGE_B-
CELL_LYMPHOMA
ACUTE_BILINEAL_LEUKEMIA N ERERERERE 9|99 9
ACUTE_BIPHENOTYPIC_LEUKEMIA 9 |11 10101111 8 |11f11] 11
ACUTE_ERYTHROBLASTIC_LEUKEMIA 3|3[3]|3]3]3 3|3[3] 3

In the SC component, the K-means clustering algorithm is employed to the R matrix to detect
patterns of similar groups (diseases) by placing similar groups into clusters. A cluster_score
is computed for each cluster by averaging the ranks of its members. The cluster with the
lowest value is considered the most significant cluster. For more details, see Table 6.6.
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Figure 6. 1: The main workflow for the GediNETPro similrarity approach. The Semantic 7
Component (SC) computes the semantic similarities.

6.3 Similarities between groups

We have defined a group as a set of genes that are related to a particular disease. For a given
two sets or groups, there are several metrics to calculate the similarity between sets of items
or genes. For example, the Jaccard similarity is calculated by dividing the size of the
intersection of two sets by the size of their union (Real & Vargas, 1996). The definition of the
Jaccard Similarity, given two sets, A and B, is defined as:

_ |anB| _ |ANB]
J(4,B) = |AUB| = |Al+|BI-]AnB| (6)

58



6.3.1 Similarity Measurements for the cluster of disease groups:

Let a group be a set of genes that are related to a particular disease. We will refer to it as a
disease group. We define a cluster of diseases as a group of diseases detected by the k-
means applied to the R matrix, as appears in Figure 6.1, components Rn and SC. In this
study, we define two kinds of similarities; the first is the similarity that is based on the
common genes between groups (diseases), utilizing some known measurements such as the
Jaccard similarity that is used to compute a diversity score for each cluster. The second is a
novel semantic similarity, which is based on machine learning and specifically the G-S-M-
P model of GediNETPro, which detects the association between a cluster of diseases and the
target disease.

6.3.2 Diversity:

To calculate the diversity of sets, one can use a metric that quantifies how different the
groups /sets are from each other. The Jaccard distance is a frequently used metric for
measuring diversity, calculated as 1 minus the Jaccard similarity. The Jaccard distance
quantifies the difference or dissimilarity between two sets, where a score of 0O signifies
identical sets and a score of 1 signifies completely divergent sets.

To compute the diversity of k groups, we calculate the pairwise Jaccard distances between
all groups and then take the average or maximum distance as the diversity of the k groups.
The pseudocode of the diversity measurement is presented in Table 6.4.

Table 6.4: The pseudocode of the diversity measurement.

Input: list_sets is a k of sets (groups)
distances =[]
for each combination (s1, s2) in list_sets:
intersection = intersect(s1, s2)
union = union(sl, s2)
jaccard_distance = 1 - length(intersection) / length(union)
add jaccard_distance to distances

diversity = sum(distances) / length(distances)

This diversity is used to compute a diversity score for each cluster that is created in
component SC (see Figure 6.1, SC component). The cluster contains a number of groups
detected by the k-means algorithm. A higher value of this diversity measure indicates greater
dissimilarity between the groups. A diversity value of 1 would indicate that the sets are
completely dissimilar, while a diversity value closer to 0 would indicate that the groups are
more similar.

6.3.3 Semantic Similarity:
In the context of a cluster comprising r groups identified through the K-means algorithm
(Figure 6.1, Component SC), it becomes a question of why these groups consistently

maintain similar rankings across the 100 iterations in GediNETPro. There are two possible
explanations for this phenomenon.
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Firstly, this consistency could arise because the r groups possess a degree of inherent
similarity in terms of their genes. This form of similarity can be regarded as a standard
measure. On the other hand, a different perspective exists where these groups exhibit a
biological connection with the target disease of the specific two-class dataset D (as depicted
in Figure 6.1°s input panel). This perspective introduces what we term "semantic similarity,”
a novel relationship grounded in machine learning principles.

The standard similarity can be calculated using a variety of similarity metrics, as shown in
Equation (6). One could compute the pairwise similarity between all groups and compute
the average as the final similarity score. On the other hand, our semantic similarity algorithm
is illustrated in Table 6.5.

Table 6.5-A: Our novel semantic cluster similarity algorithm.

Algorithm: Semantic Cluster Analysis

Input:
- (42) matrix: Each row represents a group, and each column represents the rank of the group
over an iteration.

Output:
- SortedClusters: List of clusters sorted by their semantic scores.

Steps:
1. Compute the (%) matrix: Rows represent groups, and columns represent ranks.

2. Apply K-means clustering on (2) matrix to detect (%) clusters:(C1, C2, - . -, Ci),

3. For each cluster (Ci);
- Calculate average ranks for each group member:

- For each group (9)in(Cy), compute average rank for each value:

nume-.iterations

1
avg rank, . = , - E R
' 97 pum_iterations — a1

- Calculate the overall average rank for group (9):

1 num_values

p——— E avg rank, .
num_values 4

- Compute cluster score as the a\{erage of the overall average ranks for groups in cluster (Ci):

overall avg rank, =

cluster_score; = - E overall_avg_r‘cmkg
num _groups_in_cluster <— -

- g i

4. Sort clusters based on cluster scores:
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Table 6.5-B: Our novel semantic cluster similarity algorithm.
SortedClusters = SortByScore(Cy, Cs, ..., Cy).

5. For each cluster (Ci);
- Compute diversity score:
- Calculate Jaccard similarity coefficient for every pair of groups within () using
ranks.
- Compute average Jaccard similarity coefficient for every pairs of groups in (Cy),
- Store diversity score for cluster (Ci).

6. Return SortedClusters: List of clusters sorted by cluster scores along with diversity
scores.

6.4 Results

We have applied our approach to the Breast Invasive Carcinoma dataset in section 2.1.3.
GediNETPro generated the R matrix as part of its output tables, which is gathered within the
P component (refer to Figure 6.2). This matrix is then employed as an input for the k-means
algorithm, facilitating the identification of 8 clusters. Our implementation involves utilizing
H20.ai (KNIME version (Berthold et al., 2008)) to determine the optimal number of clusters.

The SC component (shown in Figure 6.1) is applied to each cluster to compute the
cluster_score where lower scores indicate a significant group for the classification task, and
the groups that are in the cluster are more related to the disease understudy than other groups.
The diversity score is also computed to validate the relationship of the cluster to the target
disease. A diversity value close to 1 indicates that the groups are completely dissimilar and
are placed in the cluster due to their relationship to the disease under study. Table 6.6 is
ordered in descending order according to the values in column “Cluster Score”. The count
column indicates the number of groups in each cluster.

Table 6.6: The diversity score and Cluster_Score for each detected cluster.

Cluster Diversity | Count Cluster_Score
cluster_0 0.91 316 2.79
cluster_2 0.96 257 3.74
cluster 5 0.97 247 4.77
cluster 7 0.97 220 5.84
cluster_6 0.97 218 6.72
cluster_4 0.96 279 7.56
cluster_3 0.95 498 8.48
cluster_1 0.99 379 10.61
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In Table 6.6, it is evident that cluster_0 comprises 316 groups (diseases) that consistently
achieved high scores (lower rank indicates better scores) throughout the 100 iterations. The
average score, derived from the data presented in the table, stands at 2.79. Upon closer
examination of these 316 groups, it became apparent that their ranks ranged between 2 and
4, with only one instance of rank 1 being achieved.

Cluster_0 demonstrates a diversity score of 0.91, signifying that most of the groups within
it exhibit dissimilarity. This dissimilarity becomes noteworthy since the similarity detected
by the k-means algorithm is primarily attributed to their comparable scores (ranks) rather
than the genetic content they contain. This concept aligns with what we term "semantic
similarity," where the relationship to the disease under study is akin, even if the content itself
does not mirror this similarity.

An important inquiry arises regarding the interconnection among those diseases (groups)
that find themselves placed within the same cluster.

6.5 Biological Findings

Table 6.7-A: The disease groups of Cluster_0 with relation to the main Breast cancer
genes.

Disease ESR1 | ESR2 | PGR | ERBB2 BRCA type
adenocarcinoma_basal cel | Yes Yes Yes Yes Luminal B
I
adult_anaplastic_astrocyto | NO NO NO NO Basal-like
ma
adult_glioblastoma NO NO NO Yes HER2-enriched
adult_liposarcoma NO NO NO NO Basal-like
adult_meningioma Yes NO NO NO Luminal A
adult_oligodendroglioma NO NO NO NO Basal-like

adult_synovial_sarcoma NO NO NO Yes HER2-enriched

carcinoma_cribriform Yes Yes Yes Yes Luminal B
carcinoma_of_lung Yes Yes Yes Yes Luminal B
cervical_cancer Yes Yes Yes Yes Luminal B
cervix_carcinoma Yes Yes Yes Yes Luminal B
childhood_burkitt_Ilympho | Yes NO NO NO Luinal A
ma
childhood_lymphoma Yes Yes NO Yes Luminal B
childhood_myelodysplasti [ NO NO NO NO Basal-like
c_syndrome
childhood_neuroblastoma | Yes Yes NO Yes Luminal B
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Table 6.7-B: The disease groups of Cluster_0 with relation to the main Breast cancer
genes.

Disease ESR1 | ESR2 | PGR | ERBB2 BRCA type
childhood_non- NO NO NO Yes Luminal B
hodgkin_lymphoma
childhood_rhabdomyosarc | Yes Yes NO Yes Luminal B
oma
fibrosarcoma NO NO NO Yes HER2-enriched
liver_and_intrahepatic_bili | Yes Yes NO NO Luminal A
ary_tract_carcinoma
malignant_neoplasm_of | | Yes Yes Yes NO Luminal A
ung
mammary_carcinoma_hu Yes Yes Yes NO Luminal A
man
metastatic_prostate_carcin | Yes Yes NO NO Luminal A
oma
neuroblastoma Yes Yes NO Yes Luminal B
rhabdomyosarcoma Yes Yes NO Yes Luminal B
stage_0_gallbladder_cance | Yes NO Yes Yes Luminal B
r_ajcc_v8

We have validated the results obtained on cluster_0 by associating, for each group, the
known breast cancer gene markers ESR, ESR2, ESR2, PGR, and ERBB2. The Breast Cancer
type is defined based on the presence (indicated by "Yes") of the marker genes. "No" is an
indication of the absence of the marker.

Most of the time, the three biomarkers estrogen receptor (ER), progesterone receptor (PR),
and human epidermal growth factor receptor 2 (HER2) are utilized for categorizing breast
cancer into subtypes. Different algorithms are used to categorize breast cancer subtypes
based on these biomarkers. An often utilized method involves determining if the tumor cells
exhibit ER and/or PR expression, as well as HER2 overexpression. Tumor cells that express
ER and/or PR but do not overexpress HER2 (ESR+, PGR+/-, ERBB2-) are classified as
Luminal A subtype. Tumor cells expressing ER and/or PR and overexpressing HER2 (ESR+,
PGR+/-, ERBB2+) are categorized as Luminal B subtype. Tumor cells lacking ER and PR
expression but showing high levels of HER2 expression (ESR-, PGR-, ERBB2+) are
classified as HER2-enriched subtype. If the tumor cells do not express any of these three
biomarkers, then they are categorized as a basal-like subtype (Perou et al., 2000).

The validation of Cluster_0 using known breast cancer gene markers ESR1, ESR4, PGR,
and ERBB2 revealed intriguing associations, as shown in Table 6.7. The results indicate that
there is no direct relationship between the disease groups within Cluster 0 and the
established subtypes of breast cancer. However, by analyzing the expression of the three
biomarker genes, we were able to identify specific associations between diseases. This
observation aligns with the notion of "semantic similarity,” where the connection between
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the disease under study and clustered diseases is not genetically rooted but rather determined
by behavior or patterns. This analysis highlights the possible existence of shared biological
pathways and offers insights into potential comorbidities or shared underlying biological
mechanisms between breast cancer subtypes and other diseases.

6.6 Discussion

In this study, we introduced the concept of semantic similarity, which computes the
similarity/diversity between disease groups and the target disease group under study. The
aim is to discover the cause of the similarity of diseases using machine learning, specifically
the G-S-M-P model of GediNETPro employing the Rn and SC components.

The results show that the similarity of those diseases that were scored similarly over all the
100 iterations is likely due to biological relationships and not to the content of the groups
(common genes). Although the genetic dissimilarity of these groups suggests inherent
differences, the concept of semantic similarity highlights their shared behaviors or
characteristics, which correspond to the disease under study. This suggests that disease
relationships can extend beyond genetic makeup, emphasizing the importance of considering
behavior and other factors when grouping diseases.

The concept of semantic similarity used in this study can be a useful tool in disease research.
Semantic similarity measures how closely related two diseases are based on their biological
relationships. By utilizing the machine learning algorithm, specifically the G-S-M-P of
GediNETPro, and extending the new SC and Rn components to compute semantic similarity
between disease groups, this study was able to identify groups that were similar in terms of
their underlying biology. This extends beyond conventional content-based similarity
approaches, enabling the identification of groups with shared biological behaviors.
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CHAPTER SEVEN

CONCLUSIONS AND FUTURE PERSPECTIVES

7.1 Conclusions

The main contribution in the first study in this thesis is the development of a novel approach,
GediNET, for discovering disease-disease associations and detecting the genes/biomarkers
associated with those diseases. With the widespread use of machine learning techniques, the
seek for genes linked to specific diseases has yielded valuable insights. However, the
integration of pre-existing biological knowledge into DDA has emerged as a powerful tool,
promising the identification of novel biomarkers with practical implications for clinical
practice.

GediNET stands as a pioneering approach that not only harnesses the capabilities of machine
learning and gene analysis but also strategically incorporates established biological
knowledge. GediNET introduces a three-step approach: Grouping, Scoring, and Modeling
(G-S-M), which collectively forges a path toward the elucidation of intricate disease-disease
associations. This novel approach integrated pre-existing biological knowledge about the
disease to enhance group selections rather than perform feature selections within the
classification task. In this way, GediNET reveals hidden patterns related to the DDA. The
method mainly analyzes gene expression data utilizing DisGeNET v7, an external database
of biological knowledge that links genes to diseases. The G component of GediNET groups
genes based on disease information obtained from the DisGeNET database and generates a
two-class subdataset related to each group/disease. The S component computes a score for
each group based on the differential expression between the two classes and ranks the groups
accordingly. The M component considers the top-ranked disease groups and merges their
genes to form the top-ranked associated genes, on which a Random Forest model is trained
and evaluated. The evaluation part was done using Monte Carlo cross-validation (MCCV).
This process is iterated 100 times by splitting the data into training and testing. This process
extracts hidden patterns and potentially yields novel insights into biological knowledge.

The true innovation of GediNET lies in its capacity to uncover associations that extend
beyond the initial disease focus. The application of DDA based machine learning enables
the identification of novel unknown associations between seemingly unrelated diseases. This
revelation not only enriches our fundamental understanding of disease pathways but also
holds immense potential for reshaping medical approaches.

Nonetheless, the GediNET tool failed to leverage the potential insights extractable from the
MCCV iterations. Hence, we've introduced a new component, denoted as "P," designed to
unearth hidden patterns within MCCV through the new pro version, GediNETPro. In our
second study, The new component P detect clusters or patterns of disease groups based on
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their rank values assigned by the S component. A new cluster-score is computed to detect
the most significant cluster of groups. Traditional approaches mainly use CV or other cross-
validation techniques to evaluate performance measurements. However, GediNETPro
utilizes the ranks or scores all over the iterations to be used in the P component to detect
hidden patterns of the groups' ranks.

In the last study, we introduced the concept of "semantic similarity,” a measure that evaluates
the similarity or dissimilarity between groups of diseases and the target group of diseases
being studied. The purpose was to unravel the reasons behind the similarities observed
among diseases using a machine learning approach, specifically the G-S-M-P model within
GediNETPro, which incorporates the Rn and SC components.

The outcomes indicated that diseases exhibiting similar scores across all 100 iterations are
likely to share biological connections rather than mere group contents (common genes).
Although their genetic differences suggest distinctiveness, the notion of semantic similarity
brings attention to shared behaviors or traits aligning with the disease under examination.
This underscores the idea that disease relationships may stretch beyond genetic makeup,
emphasizing the significance of considering behavior and other factors when grouping
diseases.

7.2 Limitations and Future Prospects

For each of the three studies carried out as part of this thesis work, we can briefly describe
our prospects for the future as follows:

7.2.1 Future prospects and limitations of study 1:

The uniqueness of the GediNET approach is its method of evaluating gene groupings by
taking into account the contribution of all its member. One potential limitation of this
approach that might be considered, is whether some members (genes) within a group may
have a noisy impact and as a result adversely affect the overall classification performance.
Other feature selection methods that consider each gene independently, will not have this
problem. However, to avoid this, we used a statistical t-test on the training dataset to first
detect the top differentially expressed genes. The top 2000 genes with the most significant
differences in expression were then used to extract the training datasets that were used as
input to the G component. Thus, GediNET will always be dealing with the least noisy genes.
One direction of future work is to perform internal gene scoring for each gene group to
consider only those genes with the highest scores.

Another potential limitation of our approach is the possibility that the size of the (gene)
group could influence the performance. For example, by influencing Scoring component.
Groups that contain larger numbers of gene would tend to have higher scores. This issue
might be solved by considering a fixed number of representative genes from each group.
One aspect of feature selection (scoring) that we have not covered in this study is the
potential for two groups of features that are ineffective on their own to become effective
when combined. Within GediNET, the scoring component evaluates each group separately.
One possible future strategy could involve enhancing the S component to score groups at the
same time to tackle this issue.
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7.2.2 Future prospects and limitations of study 2:

While GediNETPro's incorporation of ranks or scores from numerous iterations to unveil
hidden patterns in the P component is a novel approach, it also presents a limitation worth
acknowledging. The reliance on ranks or scores across iterations might introduce a degree
of variability, which could potentially impact the robustness and consistency of the hidden
patterns detected. This variability could be attributed to factors such as noise in the data or
the specific characteristics of the scoring mechanism. To address this limitation and further
enhance the effectiveness of GediNETPro, future plans could involve the implementation of
techniques to mitigate the impact of variability. One approach could involve introducing
more advanced statistical methods to stabilize the ranks or scores, reducing potential
fluctuations. Additionally, considering ensemble techniques that aggregate results from
multiple iterations could offer a way to improve the reliability of the hidden pattern detection
process.

Furthermore, to validate the hypothesis that disease groups sharing the same cluster possess
similar biological functions, future endeavors could encompass comprehensive biological
validation. This might involve conducting in-depth functional enrichment analyses on the
identified clusters to identify common biological pathways, molecular functions, or cellular
processes. Collaborative efforts between computational biologists and domain experts could
offer a deeper understanding of the fundamental biology within these clusters.

7.2.3 Future prospects and limitations of study 3:

This study has important implications for the future development of GediNETPro. By adding
a pre-processing step, we can improve the accuracy and efficiency of the tool. Besides, by
removing redundant groups and including diverse groups in the final model, GediNETPro
can provide more accurate predictions and insights into the underlying biology of diseases.
Besides, by decreasing the computational time required for the S component of
GediNETPro, this pre-processing step can help make the tool more efficient.

In addition to improving the accuracy and efficiency of GediNETPro in disease research,
this study can also have important implications for disease co-morbidity studies. Disease co-
morbidity refers to the presence of many diseases in a single patient, by understanding the
relationships between different diseases can be important for drug repurposing and other
therapeutic strategies. By revealing both the similarities and diversities among different
disease groups, the semantic similarity concept can facilitate a enhanced comprehension of
the biochemical connections among diseases.
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