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Abstract

Drug discovery is a time-consuming, costly, high-risk, and complex process. An alternative to
traditional drug development is drug repurposing, which aims to find new uses for existing
drugs. This approach significantly reduces time and cost, as much of the safety evaluation has
already been completed. Computational approaches to drug repurposing help generate
hypotheses about potential drug-disease indications, which can later be validated

experimentally in the lab.

Network integration is a common computational technique in drug repurposing applications.
These approaches combine multiple diverse data sources into a single heterogeneous
biomedical integrated network. Such networks combine various types of biological data,
including drugs, diseases, genes, and proteins, into a unified framework where biomedical
entities are represented as nodes and their interactions as edges. Integrating diverse data
sources is essential to gain a comprehensive picture of interconnected biological entities,

which can then be mined to infer new hypotheses about drug repurposing opportunities.

The quality of these integrated networks is highly dependent on the experimental data they
include. However, biomedical data is often noisy and incomplete, leading to a high rate of
false results in existing networks. Therefore, there is an important need for methods to reduce
noise during network integration. One proposed technique to produce accurate integrated
networks is Probabilistic Functional Integrated Networks (PFINs), which assess data quality
and generate confidence scores to filter out low-quality data before mining these networks for

drug repurposing opportunities.

Disease-Gene Association (DGA) networks, where nodes represent diseases and genes and
edges represent their associations, are the major building blocks for most biomedical
integrated networks used in drug repurposing applications. Unfortunately, many available
DGA networks contain a high rate of false results due to the quality of the biomedical data,
which faces numerous challenges, including incorrect entries, missing values,
inconsistencies, duplication, and various forms of bias. For instance, high-throughput
experimental studies, which are commonly used to generate biological data, often produce
incomplete and noisy data containing both false positives and false negatives. Although

methods exist to score the confidence of DGAs, they are often unreliable. Many of these



scoring approaches rely on heuristic strategies that do not assess data quality prior to
integration. For example, they often overlook the impact of duplicated data, which can
artificially inflate confidence scores and distort the strength of associations. To address this
gap, we investigated the applicability of PFINs to DGA networks by researching and
developing novel strategies to build and evaluate DGA PFINs.

These accurate integrated DGA networks can be employed in various computational drug
repurposing applications, including deep learning techniques. Deep learning has become the
leading technique in most in silico applications for drug repurposing. Among deep learning
methods, Graph Neural Networks (GNNs) have gained considerable attention due to their
ability to learn complex relationships between drugs and related biological entities from
heterogeneous biomedical integrated networks. Existing GNN applications in drug
repurposing often overlook important aspects of data quality, such as noise and
incompleteness. Given that the performance of GNNs is highly dependent on the quality of
the integrated networks used for training, incorporating PFINs with GNNs could enhance
their performance by reducing noise during network integration. To address these issues, we
investigated the impact of incorporating the PFINs approach within GNNs on their
performance. The constructed DGA PFIN was integrated with an existing network and used

to train GNN models.

Another factor impacting the performance of GNNs, beyond data quality, is the lack of
diverse data types in the integrated networks. Most existing GNN approaches are trained on
networks with a limited number of node and edge types, often ignoring node features in the
training process. We explored the impact of adding various types of nodes and edges to the
integrated networks on GNN performance, as well as incorporating node features in the
training process. The results showed that the performance of GNN models improved by
incorporating these additional types of nodes and edges into the training networks.
Furthermore, the proposed GNN models demonstrated significant enhancement by
incorporating node features. Finally, the proposed GNN models were employed to predict

drug-disease indications, and these predictions were validated and supported by the literature.
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Chapter One

Introduction

1.1 Motivation

Over the past 30 years, new drugs have been released to treat conditions such as heart
diseases, brain diseases, and many infections [1]. These drugs have helped improve and
extend many patient lives worldwide. However, some new medications offer no distinct
advantage in many cases over preexisting medications. Nearly one-third of new drugs are no
better than older drugs, and some are worse [2]. Existing therapies, also known as “me-too”
drugs, are ways for drug companies to establish market share for treatments for a particular
disease [3]. Recently, older drugs have been gaining attention from drug companies, and have
been used as treatments for new diseases. Many pharmaceutical companies are developing
new drugs with the discovery of novel biological targets by applying drug repositioning; a
process of identifying new therapeutic uses for existing drugs [3]. Drug repurposing can fulfil
medical needs such as treatments for diseases that are rare and neglected since it has the
potential to provide more effective treatment and cheaper alternative drugs in a short time
than can be achieved using traditional drug discovery [4], [5], [6]. Since safety evaluations
for repurposed drugs have already been completed during their initial development, the need

for extensive time and cost for preclinical and early clinical trials is eliminated [6].

In silico drug repurposing methods, also known as computational methods, have accelerated
the drug repurposing process by generating potential hypotheses about drug repurposing [7].
Computational approaches have gained considerable attention from researchers for two main
reasons [8], [9]. First, with the revolution in high-throughput techniques, a massive amount of
biological and biomedicine data has become available and is stored in numerous repositories
and databases to allow access, sharing, and analysis, allowing for the inference of new
hypotheses [10]. The second reason is computing power; rapid advancements in
computational techniques and data sciences, including data mining [11], [12], machine
learning techniques [13], and network integration [14], enable systematic analysis of the
relationships between different biomedical entities, including those between drugs, diseases,
genes, and proteins to identify potential novel indications for existing drugs [13], [15], [16],

[17]. All of these factors have empowered computational approaches for drug repurposing.



Recently, computational approaches to drug repurposing have been emerging including
network integration [14], machine learning [16], and deep learning [18]. However, the
success of these techniques is highly dependent on data quality [19], [20], [21]. Studies have
shown that data quality dramatically impacts the results of computational approaches [19],
[21], [22], [23]. It has been proven how vital data quality is to the outcomes of machine
learning techniques and how severely they are affected by low-quality data [19], [20], [21].
As a well-recognized aphorism in deep learning, the outcome is highly dependent on the
nature of the input data; hence, the adage "garbage in, garbage out" holds significant
relevance in the context of deep learning endeavours [24]. However, most applications of
drug repurposing begin with the assumption that the data feeding the computational
algorithms are highly accurate, consistent, complete, not duplicated, and not biased [12], [14],
[17], [25], [26], [27]. However, this assumption is not always correct [28], [29], [30], [31],
[32], [33], [34], [35], [36], [37], [38].

Biomedical data suffers from several challenges related to data quality, including incorrect
data, missing data, inconsistency, duplication, and bias [29], [31], [32], [33], [34], [35], [36],
[37], [39]. Incorrect data may result from errors that occur during experiments that generate
the data [36], [40]. For instance, biological data generated by high-throughput experimental
studies, is incomplete and noisy [32], [33], [41], [42]. It has been estimated that
high-throughput data (HTP) have high rates of false results [31], [32], [33]. False results can
be either false positives, associations that are identified but do not exist, or false negatives,
true associations that have not been identified yet. Duplicate data, in which identical entries
are present multiple times within the dataset or across multiple datasets, is a common issue in
many biological data sources [34], [35]. Duplicate data poses a significant issue, as it can
skew analyses and lead to inaccurate results [35]. Missing data is also a common occurrence
in biological datasets, stemming from factors such as incomplete recording or relying on a
single dataset [23], [39], [43]. Missing data can reduce the effectiveness of computational
approaches, and compromise the reliability of analyses [23]. Another issue of data quality is
inconsistency in data which refers to contradictions within a dataset or between multiple
datasets [34], [36], [44]. Additionally, different experimental techniques introduce unique
biases, further complicating the accuracy and reliability of data analysis [37], [38]. Bias often
comes from flaws in study design, measurement, or data collection methods, leading to

inaccurate or misleading conclusions [37], [38]. Poor data quality compounds the challenge



of ensuring data reliability and integrity. Addressing these challenges is important for

computational approaches to yield accurate analyses of biomedical data and reliable results.

Network integration is one of the most common computational approaches in drug
repurposing [12], [14], [25], [26], [45], [46], [47], [48], [49], [50]. These networks combine
multiple and diverse data types into a single unified network where nodes represent
biological entities such as genes, diseases, drugs, and proteins, while edges represent
biological relationships such as protein-protein interactions (PPIs) [51], disease-gene
associations (DGAs) [52], drug-drug interactions (DDIs) [53], drug-disease indications
(DrDIs) [54], and drug-target interactions (DTIs) [14]. Integrating multiple and diverse data
sources is essential for inferring reliable instances of drug repurposing and understanding the
complex interconnections between components of biological systems. These integrated
networks can be analysed and mined using computational approaches, such as deep learning
techniques, to generate new insights into drug repurposing. The success of network analysis
and mining depends heavily on the quality of these networks. The accuracy of integrated
networks is directly related to the quality of the data used to construct them. As mentioned
previously, biological data often contain high rates of false results. Therefore, there is a
critical need for approaches that can evaluate and ensure data quality during network

integration.

One of the most powerful integration techniques to filter or at least reduce the noise during
network integration is the use of Probabilistic Functional Integrated Networks (PFINs) [55],
[56], [57], [58]. Using a high-quality gold standard dataset as a benchmark, this approach
scores the datasets prior to integration to determine their level of confidence. Multiple pieces
of evidence can then be combined into a network by integrating datasets according to their
confidence levels. In PFINs, nodes represent biological entities such as genes, proteins,
diseases or drugs, and the edges represent functional associations between nodes, indicating
the confidence level of that edge. PFINs offer a robust solution to address various challenges
associated with data quality, including duplicates, missing entries, inconsistency and
inaccuracies. Firstly, PFINs ensure dataset independence, eliminating duplicate data and
enhancing the reliability of integrated networks. Secondly, PFINs improve data completeness
by integrating several datasets to make up for missing data [43]. If data is missing in one
source, it may be found in another, allowing a more comprehensive coverage of data. Relying

on a single data source may lead to gaps in coverage, particularly in biomedical research, in
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which each data source may have its own unique focus. Thirdly, PFINs address data
inconsistency by cross-validating data entries from several sources of evidence, increasing
the confidence of entries that are supported and decreasing dependence on those that lack
strong evidence [36], [44]. Fourthly, by comparing datasets to a high-quality gold standard,
inaccurate data is found and eliminated from integration. Researchers have shown that PFINs
can lower noise levels during integration [55]. Finally, PFINs can also reduce bias during
network integration by integrating multiple and diverse sources of evidence [58]. Studies
have shown that PFIN can reduce bias during integration [58], [59]. By leveraging the PFIN
techniques, comprehensive and reliable biological networks can be developed, facilitating

more accurate analyses and results.

DGA networks combine many DGA-related data sources into a single, integrated network,
with genes and diseases acting as nodes and their associations as edges [60], [61], [62], [63].
By integrating various datasets into one network, researchers can uncover intricate
relationships between diseases and genes that may not be apparent when analysing individual
datasets separately [60], [61], [63]. This integration facilitates a holistic view of disease
mechanisms and genetic factors, leading to insights that can inform drug discovery [27].
DGA networks are regarded as a foundational component for drug repurposing applications,
often serving as a fundamental building block of most of the available heterogeneous
biological integrated networks for drug repurposing [25], [27], [48], [64]. However, existing
DGA networks exhibit varying levels of false positives, due to the inclusion of noisy data
types such as HTP experimental data [31], [32] and text mining data. Therefore, there is a
need for a technique to reduce noise during the process of network integration. PFINs have
shown good results in reducing noise during network integration [55]. Despite the success of
the PFIN approach in the applications of PPI networks, there exists a notable gap in its
application to DGA networks. Exploring the application of the PFIN approach in the context
of DGA networks could contribute to advancing drug repurposing applications by improving

our understanding of the molecular basis of diseases.

In computational methods to drug repurposing, deep learning has been a prominent tool [18],
[65], [66]. The potential of GNNs to exploit relational information included in complicated
biomedical data represented as networks has drawn increasing interest among various deep
learning approaches [25], [26], [64], [67], [68], [69], [70], [71]. GNNs are types of neural

networks designed to operate on network-structured data where data is represented in the
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form of a network [72], [73], [74], with nodes representing biological entities and edges
representing biological relationships such as PPI networks [75], DrDI networks [54], DGA
networks [63], or DTI networks [70]. The initial phase of GNNs often involves network
integration techniques, where various biological networks such as PPI, DTI, and DGA
networks are integrated into one integrated heterogeneous network [25], [48], [64], [67].
These integrated networks are employed for training GNNs to learn node representation to
predict reliable drug targets or drug indications. Ensuring the accuracy of these integrated
networks is important since they serve as inputs for GNNs. The accuracy of GNN outputs and
predictions depends on the quality of these networks [21], [22]. The quality of integrated
networks depends on the quality of individual datasets used in their construction. Given the
prevalent issue of a high rate of false results in biological data, there is a necessity for an
approach aimed at either removing or at least reducing noise during the process of network
integration. An accurate biological integrated network can be constructed by evaluating the
quality of each dataset before integration since datasets are different in their reliability [55].
However, existing GNN approaches present some limitations. Current GNNs operate on
limited integrated networks that often contain missing data and have a restricted range of
biological entities and relationships. Additionally, many of these networks suffer from a high
rate of false results, particularly those constructed from high-throughput data. Training GNNs
on extended biological networks, which include a broader variety of biological interactions,
could improve their performance. Moreover, incorporating GNNs with PFINs could further
improve GNN performance, as PFINs help reduce noise in the integrated networks used to

train GNNs.

1.2 Project Aim and Objectives

This project aimed to research and develop computational techniques to predict novel uses or
indications for existing drugs, exploring the use of the PFIN approach to enhance data
quality, especially for disease gene networks, and finally incorporating a GNN based

approach to predict new drug repurposing opportunities.

The following objectives were defined to help achieve the project aim:

1. To research and develop the PFIN approach within the domain of DGA networks.



2. To research and develop network evaluation techniques to evaluate the performance
of the resulting DGA PFIN.

3. To research and develop a GNN model and train the model on a recently developed
biomedical knowledge graph for drug repurposing.

4. To research and develop GNN evaluation techniques to validate the developed model

5. To incorporate the DGA PFIN with the GNN model to enhance the performance of
the GNN model.

6. To employ the validated model to predict novel DrDIs and subsequently validate these

predictions by cross-referencing with existing biomedical literature and knowledge.

1.3 Contribution of the Work Presented

A. The first part of this work, investigating novel approaches to apply the PFIN approach

to DGA networks, contributes:

1. Identification of a novel set of strategies to define high-quality gold standards and

individual datasets representing DGAs.

2. Investigation using non-DGA gold standards such as PPI and pathway data to score
DGA data.

3. Developing a novel text-mining approach to define individual datasets

representing DGAs.

4. Construction of different DGA PFINs based on different strategies of individual

datasets and gold standards definition.

5. Identification of novel network analysis techniques to evaluate the performance of

the constructed DGA PFINs.

B. The second part of this work, investigating a novel deep learning approach to predict

drug-disease indications, contributes:

1. Constructing a Heterogenous Biomedical Knowledge Graph (HBKG-integrated
network) from a newly developed database; the NeDRex database.



2. Incorporating the DGA PFIN, developed in A, within the constructed biomedical
knowledge graph.

3. Developing and training a novel GNN model on the constructed biomedical

knowledge graph.

4. Validating the developed GNN model and employing it to predict novel

drug-disease indications.

5. Setting and testing a set of hypotheses to enhance the developed GNN model.

1.4 Thesis structure

The remainder of this thesis is divided into the following chapters:

Chapter 2 offers a comprehensive review of foundational concepts important to this
thesis. Initially, it delves into graph theory and its applications in biological networks.
Following this, the chapter explores network integration, elucidating Probabilistic
Functional Integrated Networks and their applications in PPI networks. Next, it
discusses DGA identification, including both experimental and computational
methods, along with their applications in drug repurposing. Additionally, the chapter
outlines GNNs and their applications in the domain of drug repurposing. Finally, it
provides insights into drug repurposing strategies and various computational

approaches employed in this field.

Chapter 3 describes the biological datasets and computational methods utilised and
developed in this project. The chapter describes the computational techniques used

and developed to evaluate the outputs.

Chapter 4 introduces the investigation of the applicability of PFINs to DGAs,
exploring the identification of the main components required for constructing PFINs
in the DGA context. The chapter introduces novel strategies for the identification of
the gold standards and the individual datasets representing DGAs to build DGA
PFINs. A detailed evaluation of the DGAs PFINSs is then presented.



Chapter 5 presents solutions to address the limitations outlined in Chapter 4, including
challenges such as refining the identification of gold standards, improving the
identification of individual datasets, and enhancing the evaluation techniques to assess
the performance of the DGA PFINs. This chapter also introduces a novel text-mining

approach to the identification of individual datasets representing DGAs.

Chapter 6 introduces a novel approach to drug repurposing through the development
of a GNN model trained on a recently constructed biomedical knowledge graph, rich
with node and edge types as well as node and edge features, aimed at predicting
potential drug repurposing opportunities. The chapter outlines the evaluation of this
model and its application in predicting novel links between drugs and diseases.
Furthermore, it presents a series of hypotheses and their testing to enhance the
developed GNN model, including the incorporation of the PFINs, developed in
Chapter 5, within the GNNs to enhance the GNN model performance.

Chapter 7 discusses the implications of this work and suggests areas for future

extension and analysis.



Chapter 2: Background

Chapter 2

Background

2.1 Introduction

The aim of this project was to develop computational approaches for drug repurposing by
integrating PFINs within GNNs focusing on DGAs. In this chapter, four main topics that
form the foundation of this project are reviewed. First, PFINs are explored, including how
PFINs are constructed, their benefits in data quality issues, and their applications in PPIs.
Second, DGAs, their computational and experimental techniques, and their benefits in drug
repurposing strategies are discussed. Third, GNNs and their applications in drug repurposing
are presented. Finally, drug repurposing strategies and their computational and experimental

approaches are presented.

2.1.1 Probabilistic Functional Integrated Networks

Data integration is essential in fields such as systems biology [76], [77], e-commerce, retail
[78], healthcare [79], and environmental science [80]. A holistic view of the mechanisms and
patterns can be obtained by integrating data from multiple diverse datasets, an approach
which can also facilitate hypothesis generation. The success of data integration approaches is
highly dependent on the quality of the individual datasets used to generate the data to be
integrated [81]. However, biomedical datasets, specifically DGA datasets, differ in terms of
data quality and coverage [31], [33], [42], [82]. The accuracy and comprehensiveness of
different biological datasets can be influenced by the experimental techniques being used.
Therefore, any biological dataset may include false or incomplete data, a situation which
emphasises the importance of addressing issues related to data quality and completeness. To
address these challenges, various methods have been introduced to evaluate data quality and
filter out noise [83], [84]. One common approach is the use of a scoring method that involves
comparing the dataset with a high-quality gold standard dataset [50], [55], [56], [85], [86].
This comparison allows for the identification of potential noise, facilitating its reduction.
Subsequently, the scored datasets, which potentially contain distinct information, are

integrated to improve the overall comprehensiveness of the data.
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The gold standard dataset contains associations that are considered to be biologically accurate
and reliable. These associations can be derived from human expert-curated and peer reviewed
databases such as the Biological General Repository for Interaction Datasets (BIOGRID) [87]
for PPIs and Online Mendelian Inheritance in Man (OMIM) [88] for DGAs. Gold standards
can be also constructed by integrating multiple, diverse curated data sources [89]. Confidence
scores can be generated by comparing datasets against the gold standard data using statistical
algorithms. Subsequently, these confidence scores from multiple scored datasets can be
combined using methods such as weighted sums [55]. The result of this integration is a
unified network known as a Probabilistic Functional Integrated Network (PFIN) [50], [55],
[85]. In such networks, the edges are labelled with edge weights, which reflect the degree of
confidence associated with each edge (For more details about PFINs see Section 2.3.3).
Although PFIN approaches have been applied in PPIs, and have demonstrated success in
many applications such as protein function predictions and PPI predictions [50], [55], [56],

[57], [90], [91], [92], [93], [94], [95], their applications to DGASs remains limited.

2.1.2 Disease-Gene Associations

A disease-gene association (DGA) is the relationship between a gene and a particular disease.
Defining DGAs involves identifying which genes are associated with the development of,
progression of, or susceptibility to a disease [96]. Identifying DGAs is an important activity
in biomedical research and industry, and enables a deeper understanding of disease
mechanisms which facilitate drug repurposing applications [27], [96], [97], [98]. Current
experimental methods to identify DGA include linkage studies [99], genome-wide association
studies (GWAS) [100], functional assays [101], RNA interference screens [102], and animal

models [103]. These experimental methods are resource-intensive in terms of time and cost.

Computational approaches to identify DGAs, such as network integration [61], [97], [104],
machine learning [105], [106], [107], and text mining [108], [109], have lower expenses than
experimental methods (Section 2.4.1). Computational methods typically involve the

integration and analysis of experimental data to predict novel DGAs [110]. Experimental data
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are often stored in databases that are designed to store information about genes, diseases, and
the associations between them [111]. Some groups of related diseases or disorders are the
subject of dedicated databases that focus exclusively on cataloguing DGAs related to those
specific conditions. For instance, The Cancer Genome Interpreter (CGI) [112] is dedicated to
cancer-related DGAs, Orphanet specialises in orphan diseases, which are rare conditions
affecting a small percentage of the population and often lack sufficient medical research and
treatment options [113], and PSYGENET focuses on psychiatric disorders [114] (For more

information on DGAs databases, see Section 2.5).

Network integration has emerged as a common computational approach for DGA
identifications, aiming to combine multiple diverse and multiple datasets to draw meaningful
inferences [27], [61], [108]. Integrated DGA networks can be unweighted networks, where
associations are integrated without considering the strength of supporting evidence [49], [97],
[115], or heuristic weighted networks that incorporate the number of experimental evidence
supporting DGAs but overlooking the quality assessment of these evidence [116], which may
lead to noisy integrated networks. Therefore, in this work the PFIN approach is investigated

for the integration of DGA data (Section 4.3).

2.1.3 Drug Repurposing

One of the domains that has benefited most from the improvement in DGA identification is
drug repurposing, the process of finding novel therapeutic applications for existing drugs that
were initially formulated for different medical purposes [27], [98]. There are many examples
of drugs that have been repurposed. For example, aspirin was originally used as an analgesic
and antipyretic to relieve pain and reduce fever [117]. Later, it was found to have antiplatelet
and anticoagulant properties [118] and is now widely used for its cardioprotective effects in
preventing heart attacks and strokes [119]. Another example is thalidomide, which was
originally prescribed as a sedative and anti-nausea medication [120]. Later, thalidomide was
discovered to possess anti-inflammatory effects [121], [122] and is now used for managing
multiple myeloma and leprosy [122]. Drug repurposing has gained popularity due to its

potential benefits such as reduced development costs and faster timelines for bringing drugs
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to market [6]. Computational approaches to drug repurposing have been widely applied due
to their lower costs and time when compared to experimental approaches [14], [27], [50], [68]

(Computational approaches to drug repurposing are discussed in detail in Section 2.7.1).

2.1.4 Graph Modelling

Graph representations of complex systems, such as social networks and biological networks,
are commonly used in computer science and bioinformatics. Biomedical data can be
effectively represented and integrated as networks, enabling analysis of their underlying
structure [72]. In these networks, biomedical entities such as genes, proteins, drugs, and
diseases are depicted as nodes, while the biomedical relationships between these entities,
such as interactions or associations, are depicted as edges [72], [123]. There are different
types of networks used for specific purposes. For instance, simple networks like PPI
networks [51] have only one type of node. In contrast, some biological networks include two
types of nodes and are illustrated as bipartite graphs, such as DGAs networks [115], DTI
networks [124], and DrDI networks [54]. More complex structures, known as multipartite
networks, involve multiple biological entities, like diseases, drugs, proteins, and genes, to
yield more precise and accurate outcomes [125], [126]. Graph modelling in biological data is

discussed in Section 2.2, and is used to produce the networks in chapters 4, 5, and 6.

2.1.5 Graph Neural Networks

A neural network is an artificial intelligence model that draws inspiration from the structure
and function of the human brain. It includes layers of interconnected artificial neurons that
process data and learn from it through training [66]. A GNN is a specialised type of neural
network tailored to process data presented in the form of graphs [127]. The fundamental
concept behind GNNs involves learning node representations, or node embeddings, by
gathering information from neighbouring nodes within the graph. This aggregation process
typically occurs through multiple layers of neural networks, enabling the model to capture
both local and global patterns in a graph. GNNs models learn meaningful representations for
each entity through multiple convolutions, and capture complex patterns within the graph.
The combination of graph modelling and deep learning techniques has empowered GNN

approaches to biological data [26], [107], [127], [128], [129], [130]. In the field of drug
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repurposing, GNNs are increasingly adopted to capitalise on the intricate relationships among
biological entities like drugs, proteins, genes, diseases, and molecular pathways [25], [26],
[68], [69], [70], [71], [130], [131], and studies have demonstrated that GNNs outperform
conventional neural networks [132], [133]. GNNs and their use for biological network data

are described in detail in Section 2.6.1

2.2 Graph Modelling

Biomedical data can be represented as a graph [134]. A graph is a powerful way to represent
and analyse complex relationships and structures in various biomedical applications [74]. In
mathematics and computer science, a graph is a data structure that includes a collection of
nodes and a collection of edges that connect pairs of nodes. Nodes represent entities of
interest while edges represent various kinds of associations between nodes [123]. For
example, in a biological network, nodes might represent biological entities such as drugs,
genes, proteins, or diseases, and edges might represent interactions or associations between
these entities [74]. In this thesis, the terms “network™ and “graph” are used interchangeably to

refer to the same concept.
A simple graph G can be represented as:
G=(E 2.1)

Where G i1s the graph, V ={v,, .., v,} is the set of vertices and £ S{(v,v))

v, v; EV} 1s the set of

L}

edges.

2.2.1 Application of Graph Modelling to Biological Networks

Graph modelling is a powerful approach in the field of biological networks, where it is used
to represent and study complex relationships within biological systems [74]. Biological
networks capture interactions between various biological entities, such as genes, proteins,
diseases, drugs, and pathways. For example, in a unipartite undirected network such as a PPI
network, nodes belong to a single set (proteins), and edges indicate physical interactions

[135]. PPI networks can be weighted, assigning a numerical value to each edge to provide
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additional information about the confidence of interactions between proteins [136]. Disease
Similarity Networks (DSNs) are another example of a unipartite network in which nodes
belong to a single set (diseases) and edges indicate similarity between diseases [62]. DSNs
can be weighted where edge weight represents the similarity score between diseases [137].
The similarity scores can be calculated based on the number of shared drugs, shared genes, or
comorbidity scores, which quantifies the presence and severity of multiple medical conditions

co-occurring in an individual [138].

Another type of biological network is an undirected bipartite network such as a DGA network
[63], in which nodes represent two types of entities-diseases and genes- and the edges
represent the associations between these entities. These networks can help in understanding
the genetic basis of diseases, identifying potential disease genes [63], [139], [140]. DGA
networks can be unweighted networks, in which the edges between diseases and genes are
binary, meaning that they represent the presence or absence of an association, regardless of
the confidence score of the association [140]. In weighted DGA networks numerical values
are assigned to the edges to reflect the confidence scores of the associations between diseases

and genes [141].

Biological networks can also be directed. For example, Gene Regulatory Networks (GRNs)
model the interactions between genes, where genes are represented as nodes, and directed
edges represent the regulatory relationships between them [142]. If Gene A regulates the
expression of Gene B, there is a directed edge from Gene A to Gene B. This directionality
indicates that Gene A influences the expression of Gene B. Another example of a directed
biological network is a metabolic network, which represents the biochemical reactions in a
cell with nodes representing metabolites and enzymes. Directed edges indicate the direction
of metabolic reactions, reflecting the relationships between enzymes and the metabolites they
catalyse. These networks can have edges between nodes of the same type, such as enzymes

connecting to enzymes or metabolites connecting to metabolites [143].

A more complex type of biological network is a multipartite network, a heterogeneous
network containing multiple types of nodes and edges [25]. For example, a network may have

drugs, proteins, genes, and diseases, as nodes, with various types of relationships between
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them including drug-target-protein, gene-encoding-protein, disease-gene associations, and
drug-disease indications, protein-protein interactions, drug-drug similarity, disease-disease

similarity. Figure 2.1 shows diverse categories of biological networks.

€

Protein-Protein Drug-Protein-Gene-Disease
Interactions network ~ Disease-Gene associations network
(PPI) network (DGA)

Figure 2.1 A variety of biological networks. A. A PPI network with uniform nodes and edges. B. A DGA network showing red
disease nodes and blue gene nodes. C. A multipartite network with diseases (red), genes (blue), drugs (purple), and proteins
(pink). Edges represent drug-target (green), gene-protein (blue), disease-gene (red), drug-disease (purple), protein-protein
(pink), drug similarity (black), and disease similarity (yellow).

2.3 Network Integration

The vast amount of biological data has increased the use of data integration approaches [76],
[77], [144] particularly for understanding cellular processes and molecular interactions [144].
A number of data integration methods have been introduced to enhance the reliability of new
findings, and one of the most common is network integration [134], [145]. Network
integration involves combining multiple diverse data sources into a unified network to gain a
comprehensive understanding of the connections between biological components [14], [61],
[104]. There are many data sources for DGAs [111]. However, a single data source cannot
completely cover all DGAs since each data source provides information about DGAs relevant
to its motivation and purpose. For example, several databases are dedicated to specific
diseases, such as the Cystic Fibrosis Mutation Database', the Breast Cancer Information Core

(BIC)? [146], and the Alzheimer's Disease Biomarkers Comprehensive Database (ABCD)?

! http://www.genet.sickkids.on.ca/
% https://research.nhgri.nih.gov/bic/
3 http://www.bioinfoindia.org/abcd/
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[147]. In addition, experimental studies in DGAs concentrate on a particular disease or a
group of related diseases to delve deeply into genetic factors, disease mechanisms, and
potential treatments. Nevertheless, the components of living systems exhibit extensive
interconnections, and diseases can have direct and indirect impacts on each other [148],
[149]. For instance, many individuals concurrently experience multiple diseases such as a
person with both diabetes and heart disease. Diabetes and heart disease share common
pathophysiological mechanisms. For example, individuals with diabetes often experience
insulin resistance which can contribute to the development and progression of heart diseases
[150]. Additionally, both diabetes and heart disease have shared risk factors, including high
blood pressure, which can exacerbate each other [151]. Recognizing the relationships
between diseases is instrumental in managing comorbidity more effectively [152]. Some
diseases share common genetic and molecular pathways [148]. Investigating these shared
elements can enhance our insight into disease mechanisms and potentially lead to the design
of therapies that target multiple diseases. Identifying common pathways and genes allows
researchers to uncover shared biological processes underlying different diseases [153]. For
instance, mutations in the BRCAl and BRCA2 genes are linked to elevated risk of
developing breast and ovarian cancers [154]. Researchers have found that these genes are
involved in repairing damaged DNA and maintaining genomic stability, processes important
for preventing cancer development [155]. This interconnectedness is a fundamental principle
in systems biology and personalised medicine. The integration of multi-omic data in DGAs
offers the capacity to amalgamate disparate lines of evidence pertaining to DGAs, thereby
enhancing the confidence of these associations. For instance, a DGA derived from a
combination of Genome-Wide Associations Studies (GWAS), RNA sequencing, clinical
medical records, and data from animal models provides a multifaceted, heterogeneous
evidentiary basis, thereby reinforcing the validity of the respective DGA. Integrating DGAs
from various data sources can reduce noise by reinforcing high confidence associations from
multiple sources while diminishing low confidence associations present in just one source.
The integration of these data sources can improve low-confidence associations that may not
be apparent when looking at each data source individually [90]. Integrated network analyses
have demonstrated enhanced accuracy across various applications. For instance,

identification of DGAs, prediction of DTI, and prediction of protein functions [27], [85], [90].
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Various methods exist for integrating DGAs, one of which involves building a network from
datasets, depicting genes and diseases using nodes and using the edges of the network to
capture the relationships between these nodes [12], [27], [45], [156]. However, in this
approach, the strength or reliability of the evidence supporting these associations is not

considered, and the final integrated network is unweighted (Figure 2.2.A).

An alternative network integration method based on heuristic methods can also be utilised, in
which the weight of edges can show how many lines of evidence support each association
[116], [136]. Associations backed by multiple evidence sources are considered to be stronger
than those with just one source, and this weight indicates the confidence in the edge (Figure
2.2.B). Since weighted integrated networks can be more informative than unweighted
networks [157], [158], this approach to network integration can aid in improving network
performance. Various heuristic methods can be used to generate edge weights in DGA
networks such as frequency, co-occurrence, and similarity measures [60], [116], [159], [160].
Frequency methods can be used to generate the edge weight based on the frequency of
observed DGAs in the literature or in data sources [116], [160]. DGAs that are frequently
mentioned are assigned higher edge weights. Co-occurrence methods can be used, which
apply text mining techniques to scientific literature to measure the frequency of
co-occurrence of DGA entities within the text corpus can also be used [159]. Similarity
measures can also be used to assess the confidence of DGAs incorporating other data types

such as GO-based similarity or PPIs [60].

However, these heuristic approaches for constructing weighted integrated networks do not
take into account the quality of data prior to integration. For instance, DisGeNET generates
DGA confidence scores based on the frequency of DGAs in curated data sources, animal
models sources and literature data sources, ignoring duplicate data between these data
sources which upweighted the scores (discussed in more detail in Section 2.4.1.2). Given the
prevalence of false associations in biological data [31], [33], especially from high-throughput
techniques, including poor-quality data in an integration can lead to a network with a lot of
noise [81]. An accurate biological integrated network can be built by considering the quality
of each dataset before integration, since datasets differ in their reliability. Consequently, more

sophisticated integration techniques are needed to eliminate, or at least significantly decrease,
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false associations during the network integration.

Figure 2.2 Network integration techniques. Two datasets share three common nodes (blue circles). A shows an unweighted
network formed by merging associations equally. B shows a weighted network where edge thickness reflects the number of

supporting evidence lines. Adapted from [86].

2.3.1 Data Quality

Biological data, especially data generated from high throughput experimental studies, is
incomplete and noisy [21], [29], [31], [32], [33], [42]. It has been estimated that HTP data has
high rates of false results [31], [82], [161]. False results can be either false positives or false
negatives. False positive associations refer to associations identified but which do not exist,
while false negative associations refer to true associations that have not been identified.
Colhoun et al. estimated that the proportion of false-positive results in studies investigating
the link between a genetic variation and a disease could be as high as 95% [162]. loannidis et
al. argued that many published research findings are not replicable due to limitations in
hypothesis testing and reliance on p-values, which can lead to high rates of false positives
[163]. Ioannidis ef al. indicated that the proportion of false positives could exceed 50% [163].
However, Jager et al. critiqued loannidis’s study for relying on assumptions rather than

empirical data, estimating a false positive rate of around 14% in biomedical studies, which is
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significantly lower than loannidis’s estimate [164].

False results in DGA experiments can arise due to biological or technical factors [163], [165].
Technical factors and biological factors represent distinct aspects influencing experimental
outcomes in scientific research. Technical factors refer to aspects of an experiment that are
related to the methodology, equipment, and procedures used. Technical factors primarily
influence the reliability and reproducibility of experimental procedures. These factors can
lead to variations, errors, or artefacts in the data. Biological factors pertain to the inherent
characteristics of living organisms, biological systems, or samples under investigation.
Biological factors introduce complexity and variability into experimental systems which may
lead to differences in outcomes between individuals, tissues, or experimental conditions

[165].

Technical factors play a considerable role in possibly generating false results in DGA
experimental studies. For example, in various DGA studies, DNA amplification techniques,
such as the Polymerase Chain Reaction (PCR), are used to make multiple copies of a
particular DNA region. PCR is a highly sensitive and commonly used method for DNA
amplification, but it can be susceptible to various types of errors. Some common sources of
PCR errors include: primer design errors [166], suboptimal reaction conditions [167], or
DNA contamination [168]. With respect to biological factors, false negatives can result from
biological masking. The presence of one biological factor can mask the effects of another,
leading to overlooked true associations if these relationships are not considered during the

analysis [165], [169].

Due to issues with low-quality data [31], and the fact that the effectiveness of computational
methods greatly depends on data quality [21], there is a considerable need for approaches that
assess data quality, thereby reducing noise before performing data integration. Several
techniques have been applied to assess the quality of biological data [55], [82], [83], [84],
[93], [140], [161], [170], [171]. One of these techniques is cross-species comparison. This
technique is used to investigate the molecular basis of diseases across different species,

typically focusing on model organisms that share genetic and physiological similarities with
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humans [170]. This approach can help to reveal false results and enhance the understanding
of disease genetics. For example, if a particular gene is implicated in a disease in humans,
researchers can examine whether the homolog exists in other species and if its disruption also
leads to a similar disease phenotype. Consistent results across different species may provide
high confidence evidence of the gene's function in the disease and validate the original

association [171].

The use of additional data types can also be beneficial for reducing noise in various types of
biological data analyses [84], [172]. For instance, annotating genetic variants or genes with
functional information helps prioritise those relevant to disease, reducing false associations
[173]. For example, Quick et al. conducted a study aimed at enhancing the effectiveness of
gene-based association tests in Genome-Wide Association Studies (GWAS) by integrating
diverse heterogeneous annotations, including comprehensive coding and tissue-specific
regulatory annotations, with GWAS summary statistics [174]. Using additional annotations

can filter out irrelevant genes or variants and reduce the false positives rates.

The topological structure of a network can also be used to detect false associations [75],
[140], [175]. The presence or absence of multiple paths between DGAs in DGA networks can
be used to confirm the existence or absence of these DGAs [176]. For example , Lei et al.
[173] developed a network propagation algorithm called InLPCH, which effectively reduced
false positives when predicting disease-related genes, and enhanced prediction accuracy by
considering multiple paths within the network. Figure 2.3 illustrates multiple paths in a DGA

network.

Network models, a graph representation for biological associations, can also be a beneficial
framework for filtering false associations in biological data [177], [178]. When data fits a
network model well, it might provide additional evidence for the validity of the DGAs [161],
[179]. A well-defined network model captures the underlying biological relationships
between nodes such as DGAs.
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Figure 2.3. Multiple paths in a DGA network. Blue circles represent diseases, red circles represent genes. Green
lines show multiple paths linking gene G3 to disease D1; yellow lines show a single path between G2 and D1.

Another commonly used approach in PPI data for assessing the quality of a dataset is scoring
against high-confidence data, typically generated using well-established experimental
techniques [50], [55], [57], [86]. This method is used to estimate the amount of noise present
in a dataset. High-confidence data are typically derived from sources that are known to be
reliable. These could be data generated through LTP experimental techniques (LTP studies)
[57] or from well-established curated databases [55], [57]. This technique has been widely
employed within PPI networks and has demonstrated remarkable effectiveness in reducing
noise [50], [55], [56], [57], [91], [92], [94]. It has been applied to protein functional prediction
applications [57] and drug repurposing applications [50]. Nevertheless, its application to

bipartite networks, such as predicting DGAs, remains limited.

2.3.2 Gold Standard Data

Some existing methods employed to reduce noise in biological networks may inadvertently
remove true positive findings, leading to the presence of false negatives in the network [83],
[180], [181]. Constructing a precise biological network involves filtering out false results
while retaining important data. However, integrating multiple diverse datasets can present
challenges due to variations in their reliability and accuracy, making it challenging to

estimate the quality of each dataset before integration.
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A widely employed approach to assess the quality of datasets involves comparing them with
a benchmark known as the gold standard [55], [56], [57], [182]. Gold standard data is a
high-quality, well-curated dataset that serves as a benchmark or reference for assessing the
accuracy and reliability of datasets or new results coming from computational methods. This
dataset is assembled by experts, often through comprehensive literature reviews,
experimental validation, and rigorous quality control. It also provides a trustworthy
foundation for evaluating the performance of various computational approaches. This
benchmark represents datasets of the utmost quality and confidence [13], [14], [15], [17],
[21], [225].

An appropriate gold standard should comprise accurate, high-quality interactions or
associations. For instance, gold standards for PPIs include those related to shared metabolic
pathways, shared biological processes, shared molecular functions, or shared memberships in
protein complexes. For example, Gene Ontology (GO)* [183] terms, which are curated by
human experts, or interactions in the Human Protein Reference Database HPRD® [184] have
been directly used as gold standards for PPI data [95]. The Kyoto Encyclopaedia of Genes
and Genomes (KEGG)® [185] and the Reactome pathway database can also serve as a PPI
gold standard datasets [228]. The BIOGRID’ [87] database and the IntAct® database [187] are

further examples of resources that can be used as PPI gold standards.

Small-scale interactions from LTP experiments known for their high quality, can serve as
gold standards. For instance, a dataset comprising physical interactions from low-throughput
studies in BIOGRID [87] can be considered a high confidence dataset and can be used to
assess the quality of the datasets [57].

4http://geneontology.or

https://www.hprd.org/

Shttps://www.genome.jp/kegg/

7 https://thebiogrid.org/

8 https://www.ebi.ac.uk/intact/home
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The overlap between datasets can be used to identify gold standards and provide a reliable
way to assess data quality. Vicente et al. explored using intersections of datasets from KEGG,
GO, and PPIs to establish a reliable benchmark for evaluating data quality. They proposed
four intersection gold standard (IGS) datasets: KEGG+GO, KEGG+PPIs, GO+PPIs, and
KEGG+GO+PPIs. Despite being smaller, these IGS datasets effectively captured the shared
relationships across all datasets and provided a practical and unbiased solution for assessing

data performance across diverse sources.

A good example of a gold standard dataset for disease-gene associations is the Online
Mendelian Inheritance in Man (OMIM)’ database [88]; manually curated by human experts,
and an authoritative resource that catalogues genetic disorders and the associated genes.
Other databases and resources such as the Genetic Association Database (GAD)'" [188],
Clinical Variation Database (ClinVar)'' [189], and the Genome-Wide Association Studies
Catalog'? [190] may also serve as valuable curated sources for creating gold standard datasets

for disease-gene associations.

2.3.3 Probabilistic Functional Integrated Networks

One of the most effective methods of integration to reduce the data noise during the
integration of multiple data sources integration is the use of Probabilistic Functional
Integrated Networks (PFINs) [50], [55], [59], [85], [86], [191], [192]. In functional networks,
nodes correspond to biological entities such as genes, proteins, or diseases, and the edges to
functional associations between nodes. A PFIN has edge weights which indicate the level of
confidence in the combined evidence for that edge. This confidence score is present when
there is evidence of a functional association between the nodes from at least one data source

[55]. The edge weights are produced by statistical comparison against a gold standard dataset

° https://www.omim.org/

10 https://maavanlab.cloud/Harmonizome/resource/Genetic+Association+Database

" https://www.clinicalgenome.org/data-sharing/clinvar/

12 https://www.ebi.ac.uk/gwas/
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[55], [59], [85], [86], [90]. The resulting networks can be used to infer novel associations

between nodes.

An approach using Bayesian statistics was developed by Lee and his colleagues [55]. This
method calculates a log-likelihood score (LLS) for each dataset, and can be used to compare

datasets:

_ 1, PUIE)/~P(LIE) 2.2)
LLS = In( Py /~P(L) )

where P(L|E) and ~P(L|E) represent the frequencies of edges or linkages (L) in the dataset
(E) observed and not observed in the gold standard, respectively, and P(L) and ~P(L)
represent the prior expectation of linkages or edges observed and not observed in the gold
standard, respectively. Only datasets with an LLS score greater than zero are included in the
integration. The P(L) is calculated by dividing the total number of linkages in the gold
standard over the number of all possible linkages in the gold standard, calculated using all
types of nodes captured in the gold standard, whilst =P(L) was determined by dividing the
total number of linkages not in the gold standard over all possible linkages in the gold
standard. The P(L|E) was calculated by dividing the number of true positives (the number of
linkages observed in both the dataset £ and the gold standard) over the total number of
linkages in the dataset E, whilst ~P(L|E) was calculated by dividing the total number of false
positives (the number of linkages observed in the dataset £ but not in the gold standard) over

the total number of linkages in the dataset E.

The scored datasets can be integrated in several ways. Simple integration includes summing
each confidence score to produce a network, in which an edge weight is the integrated sum of
all the evidence for that edge. This integration method requires the datasets to be
independent, which is difficult in biological data. Independent datasets mean that each dataset
provides unique and separate evidence of interactions or associations, without being
influenced by or duplicating data from other datasets. Achieving independence among
datasets is challenging in biological data due to various interconnected factors and

dependencies [55], [193], [194], [195]. To overcome this issue, Lee and his colleagues [55]
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introduced a weighted sum during integration to successively down-weight evidence scores

in order of magnitude:

D (23)

Datasets are integrated in the order of their LLS scores from the highest to lowest, where L, is
the highest confidence score for the edge and L, is the lowest confidence score in a set of n
datasets. Division of the score by the D parameter means that, while the highest score is
integrated unchanged, subsequent weights are progressively decreased. Therefore, a D value
of 1.0 would produce a simple summed network (Figure 2.4), and higher values successively
down-weight the confidence scores. Figure 2.5 shows the overview of Lee’s two steps

method for building a Probabilistic Functional Integrated Network [55].

The PFIN approach has been used to reduce noise during data integration in PPI networks.
Fraser et al. [56] proposed a framework rooted in functional genomics to construct
probabilistic gene interaction networks. In this framework, diverse large datasets, such as
physical interaction data, microarray co-expression data, and genetic interaction studies, were
integrated using statistical approaches. Statistical methods were proposed for quality control
to address the noise and errors inherent in functional genomics datasets. Each dataset was
scored against benchmark tests to distinguish accurate from inaccurate data. These
benchmarks involved assessing how well known interactions are recovered, evaluating
co-localization in subcellular compartments, or analysing coexpression patterns across
experiments. The aim was to quantify the error rate in experiments using benchmarks,
enabling the weighting of interactions based on their performance. Different weighting
schemes, including Bayesian statistics or probabilistic approaches were employed. The
resulting gene networks were not binary but consisted of probabilistic weights for gene-gene
linkages. These weights reflected both the confidence of the interactions and the measured

error in linkage determination.
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Figure 2.4 Probabilistic Functional Integrated Networks (PFINs). Edge weights reflect summed confidence scores from two
datasets (6.5 and 3.4). Shared edges are weighted 9.9, while unique edges retain their original weight. This illustrates a

naive integration method. Adapted from [86)].

James et al. [85] also developed an integration technique that scores and integrates both
high-throughput and low-throughput data from a single source database consistently without
the need for an external gold standard dataset. It was found that this integration technique is
easier and faster than using an external gold standard. Alexeyenko et al. introduced
FunCoup, a computational framework designed to reconstruct global networks of functional
interactions by integrating diverse proteomics and genomics data from multiple organisms
[94]. The naive Bayesian network was applied. Training datasets included positive and
negative examples of PPIs. The positive gold standard was constructed by compiling four
functional interaction classes from various databases: IntAct, HPRD, BIND, KEGG, and
UniProt. Bayes' rule was used by incorporating the background evidence probability instead
of relying on a negative dataset. The naive Bayesian network was trained and the resulting

classifier was used to determine functional interactions.

Xia et al. developed IntNetDB, a computational tool for building human PPI networks, using
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a Naive Bayes probabilistic model to integrate 27 datasets, including genomic, proteomic,
and functional data [95]. The HPRD served as the positive gold standard, while a dataset
from Rhodes et al. provided the negative gold standard. By incorporating phenotypic
distances and genetic interactions, the study aimed to improve PPI network accuracy and

coverage, resulting in 180,010 predicted PPIs among 9,901 human proteins.

Unified Scoring Scheme (LLS)
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Figure 2.5 Overview of Lee s integration method. Datasets are first scored against gold standards using LLS, then integrated
via weighted sum based on confidence scores.

Wang et al. developed a Bayesian network (BN) classifier for predicting functional modules
in complex human diseases, particularly hepatocellular carcinoma (HCC) [92]. A customised
BN classifier was designed to integrate diverse information from different sources and predict
PPIs. The BN classifier was able to group molecules into functional modules or pathways
based on their primary function and biological features. The application of this model to HCC

led to the identification of functional modules associated with the development and
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progression of HCC.

The discussed approaches aim to construct accurate probabilistic functional networks using
different methodologies. Both PFIN and FunCoup use Bayesian networks to integrate diverse
datasets and predict functional interactions, focusing on noise reduction and improved
accuracy through confidence scoring and thresholding. While PFIN and FunCoup target
global networks across organisms, IntNetDB focuses on human PPI networks, and Wang et
al.'s Bayesian classifier targets functional modules in complex human diseases. These
methods enhance network accuracy and coverage, but probabilistic methods for DGA
networks remain underexplored, with most existing approaches relying on heuristic methods.

This work explores applying PFINs to DGA networks.

2.4 Disease-Gene Associations

The identification of DGAs leads to numerous benefits across multiple domains of
biomedical research and healthcare. DGA identification can help to improve the
understanding of disease. DGAs provide insights into the genetic basis of diseases, aiding in
understanding the molecular mechanisms underlying disease development and progression
[196]. DGAs can be beneficial in targeted therapies knowing which genes are associated with
specific diseases enables the development of targeted therapies that address the root causes of
diseases, potentially leading to more effective treatments [197]. DGAs can also be useful in
personalised medicine, allowing the tailoring of treatments to individuals based on their
genetic profiles. Personalised medicine enhances treatment efficacy and minimises the
occurrence of adverse reactions [198]. Genetic testing based on DGAs enables early disease
detection and risk assessment. For example, genetic testing for newborn babies can help to
detect conditions such as sickle cell anaemia in their early stages. This early identification
allows for timely intervention, preventive measures, or appropriate medical treatments.
Genetic testing facilitates preventive measures to reduce disease progression [199].
Identifying DGAs can provide valuable guidance for directing drug discovery applications,
identifying potential targets for new drugs [200]. DGA identification also aids in repurposing

existing drugs for new indications, speeding up the development timeline [201]. DGAs have
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led to the identification of biomarkers, which are used for disease diagnosis, prognosis, and

treatment response monitoring [202].

DGAs can be constructed using either experimental or computational approaches, or both.
Experimental approaches include the observation of gene expression patterns, interactions,
and functional roles within disease contexts. The power of experimental techniques lies in
their capacity to provide direct evidence of gene involvement in diseases. Such experiments
can reveal the exact molecular pathways through which genes contribute to disease processes.
Experimental approaches often demand substantial time, resources, and financial investment.
Dealing with complex genetic interactions and multiple factors such as environmental
conditions concurrently can present challenges requiring careful experimental planning.
Experimental data might be influenced by biases, noise, and variations introduced during the

experimentation process.

In contrast, computational methods involve employing bioinformatics and data analysis tools
to handle massive amounts of biological data and predict gene-disease associations. The
strength of computational techniques lies in their scalability, as they can evaluate vast
datasets comprising thousands of genes and diseases simultaneously. Computational
approaches allow for the uncovering of hidden associations by integrating a variety of data
sources in an efficient timeframe and at a reduced cost. However, the accuracy of
computational predictions heavily depends heavily on the quality and completeness of the

input data.

2.4.1 Computational Approaches to Disease-Gene Associations

Investigating the relationship between genes and diseases is expensive due to the
time-consuming nature of experimental validation, such as linkage studies [99], genome-wide
association studies (GWAS) [203], and RNA interference screens [102]. Computational
approaches to identifying or predicting disease-gene associations can reduce costs and time

[110], [204].

Recently, several computational approaches to the prediction of disease-gene associations
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have been developed to understand the mechanisms of diseases [110], [204], [205], [206],
[207]. These methods can be divided into machine learning-based techniques [105], [108],
[203], [208], [209], text mining-based approaches, and network-based approaches [62], [63],
[140], [182], [210], [211].

2.4.1.1 Machine Learning Methods

Machine learning methods are commonly used to identify disease-gene associations.
Genomic features that could have a function in disease mechanisms can be identified by
machine learning models [204]. These techniques extract the characteristics of disease-related
genes to build predictive models. Machine learning models use various biological features to
learn patterns associated with disease-gene associations. These biological features include
genomic features such as gene expression data, genetic variants [106], pathway information,
and Gene Ontology annotations such as information about the biological processes, molecular
functions, and cellular components associated with genes [105], clinical information about
patients such as symptoms [212], medical history, and demographics, and phenotypic data

such the observable characteristics of individuals with a particular disease.

For example, Krishnan et al. proposed a machine-learning approach based on a human
brain-specific gene network. A weighted support vector machine (SVM) classifier was
developed to predict the probability of association between each gene with Autism spectrum
disorder [208]. Using a recently developed human brain-specific functional interaction
network, they predicted the candidate genes of Autism spectrum disorder, across the genome
and systematically characterised the developmental and functional features of autism’s

molecular phenotype.

Deep learning, a subfield of machine learning, has shown promise in predicting disease-gene
associations by using the power of neural networks to learn complex patterns from
large-scale biological data. For example, Chen and co-workers proposed a CNN for
identifying disease-genes associations [209]. First, the symptomatic information of the
disease was retrieved, and the sequence information of the disease gene product protein was

obtained. Then the DGA information was mapped into a grayscale image. Finally, a CNN
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model for predicting disease-related genes was constructed.

Recently, GNNs have been applied extensively to predicting DGAs, and it has been
demonstrated that the GNN-based approaches outperformed traditional methods [107]. GNNs
are a powerful tool for using the biological networks such as DGAs networks, and/ or PPI
networks to predict disease-gene associations. For example, Azadifar et al. introduced a
novel semi-supervised learning approach based on graph convolutional networks, utilising a
newly devised feature vector construction for each gene [107]. The method started with the
construction of three distinct feature vectors for each gene, utilising information sourced from
the GO database, including the molecular function, cellular component, and biological
process terms. Subsequently, a graph convolutional network was trained on these vectors,
utilising PPI network data to identify potential candidate genes for diseases. Hidden layer
representations encoding both local graph structures and node features were uncovered by the
model. The study concluded that the proposed semi-supervised learning method effectively
discriminated and ranked potential disease genes. This was achieved through the utilisation of
a graph convolutional network and an innovative approach that generated three distinct

feature vectors for genes.

2.4.1.2 Network Integration Methods

Relying on a single data source for these data-driven approaches to predicting DGAs is
insufficient, as most disease-gene association datasets have their own motivation and
purpose. Currently, several network integration-based techniques have been developed to
identify disease-gene associations [140], [182], [210], [213]. These approaches tend to
combine multiple diverse types of data sources to create more comprehensive and
informative networks to predict disease-gene associations than can be achieved using only a
single data source. The primary goal of these integrated networks is to integrate
complementary information from various sources, such as gene expression profiles, PPI
networks, pathways, and functional annotations, to gain insights into the complex interactions

underlying disease mechanisms.

Each data source can be represented as a separate network in which nodes represent
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biological entities such as genes, proteins, or diseases,and edges represent disease-gene
associations. The integration process involves combining individual networks into a unified
network. This can be achieved simply by integrating DGAs from different data sources
without considering the strength or reliability of the individual associations. This approach
results in an unweighted network where the presence or absence of an edge between disease
and gene signifies their association, without any indication of the degree or quality of that

association.

For example, Zeng et al. integrated heterogeneous networks of PPIs, gene-phenotype
associations, and phenotype—phenotype similarity [214]. These networks were used to
prioritise novel gene-disease associations. Franke ef al. integrated three different gene
networks based on GO annotations, PPIs and gene expression with information on pathways
added from the KEGG and Reactome databases to prioritise novel gene-disease associations
[182] . Zou et al. [211] created a phenome—interactome network by identifying human protein
complexes that comprise proteins known to be involved in many types of diseases. Zhang et
al. [215] constructed an expanded Human Disease Network by integrating disease gene
information with PPI information, and then the network’s topological features and functional

properties were analysed.

While this method is straightforward and easy to implement, ignoring the strength or quality
of edges discards valuable information about the level of evidence or reliability of
associations in each data source. Therefore, an unweighted network lacks the ability to

distinguish between strong and weak associations.

Another integration approach that involves edge weighting for gene-disease associations is
more sophisticated and takes into account the strength of evidence supporting each
association. This approach assigns confidence scores to edges based on heuristic methods that
consider factors such as the numbers of lines of evidence supporting associations, enabling
the creation of a weighted network which can provide a more accurate representation of the

underlying disease-gene associations.

For example, Pifiero et al integrated data sources related to human gene-disease associations
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and variant-disease associations (VDAs) from diverse repositories, encompassing Mendelian,
complex, and environmental diseases [141]. The team introduced two distinct scoring
systems to prioritise both gene-disease and variant-disease associations based on the
confidence of their supporting evidence. These scores range from 0 to 1, considering factors
such as the number and type of sources (level of curation, model organisms), and the number
of publications supporting the association. The presence of duplicate studies among these
sources has not been considered in this calculation. The omission of duplication
considerations could potentially lead to an inflation of the score, as the same evidence might
be counted multiple times, influencing the perceived strength of the DGA. The impact of the

duplicate data on the confidence scores was investigated in chapter 4 (Section 4.3.5)

Strande et al. also devised a comprehensive heuristic approach for establishing confidence
levels for DGAs [160]. This approach evaluates the relevance and reliability of genetic and
experimental evidence that supports or contradicts a potential DGA. The framework included
a semi-quantitative system that quantifies the potency of evidence for DGAs. This system
aligns with qualitative categories, encompassing "Definitive," "Strong," "Moderate,"
"Limited," "No Reported Evidence," and "Conflicting Evidence." Within ClinGen's structure,
these classifications, determined via the framework, are subject to review by relevant disease
experts. These experts assess and potentially adjust the classifications based on their clinical

expertise.

The classification "Disputed" is applied to genes lacking proven causal links to human
monogenic diseases but possessing experimental data, such as model system findings,
indicating potential disease-related functions. The "Limited" category requires at least one
variant claimed as disease-causing to exhibit compelling genetic proof supporting the
connection to a human disease, regardless of gene-level experimental data. The "Moderate"
class involves additional clinical and supportive experimental evidence, which may stem
from multiple studies or a single robust study. The "Strong" classification necessitates
replication of the DGA in independent publications, along with substantial genetic and
experimental data. A DGA is deemed "Definitive" when, beyond accumulating convincing
genetic and experimental support, the relationship has been replicated and sufficient time has

passed (typically more than three years) to allow for the emergence of any conflicting
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evidence since the initial publication.

Although heuristic integration methods for generating confidence scores are straightforward
and easy to apply, these approaches often do not consider the data quality of the datasets
before integration. Therefore, employing more advanced methods rooted in statistical
approaches could offer enhanced accuracy when generating confidence scores. For example,
the PFIN approach has been used to generate confidence scores for PPIs, and has also
produced promising results in reducing noise during integration [55]. However, this
probabilistic approach has remained limited to disease-gene confidence scores. In this work,

the applicability of the PFIN approach on disease-gene networks was investigated.

Available networks for DGAs have various levels of false positives due to the use of noisy
data types; for example, results from HTP experimental studies are affected by noise and
biases, resulting in many false results [31], [32], [33], [82]. Computational methods in
systems biology typically rely on the quality of experimental data, and it has been shown that
experimental data quality considerably impacts the results of these computational methods
[19], [20], [21], [28]. Data quality is one of the most common challenges for computational

approaches to the prediction of DGAs ( Section 2.3.1 for data quality challenges).

Current network integration methods used to predict DGAs either involve using unweighted
networks [63], [140], [211] or using heuristic methods to measure the confidence scores of
DGAs (Section 2.3) [141]. However, unweighted networks may be less informative than
weighted networks, which provide a richer representation of the relationships between
diseases and genes, capturing how confident we are in the reliability of those connections. In
a weighted network, the use of edge weights provides a measure of the confidence of DGAs.
To mitigate noise, various strategies can be employed. Thresholding involves setting a
minimum weight value and removing edges below this threshold to filter out less significant

associations. Alternatively, keeping only the top k£ edges with the highest weights
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concentrates on the most substantial associations, effectively reducing noise.
Weight-trimming techniques, such as scaling or normalisation, can also help attenuate the
impact of outliers. Clustering based on edge weights groups similar associations, aiding in
noise reduction while preserving underlying patterns. However heuristic methods lack the
means to assess the data quality, and face several limitations, including the presence of
duplicate data, resulting in duplicated evidence of associations. For example, the team of
DisGenNET [141] developed a heuristic method to generate the confidence scores of DGAs
taking into account the number and type of sources (level of curation, model organisms), and
the number of publications supporting the association. However, the quality of the evidence is
not taken into account, and the duplicate evidence between data sources was not removed
before the scoring, which leads to bias within the scoring, upscoring associations with

duplicate evidence [116].

Unlike current network integration-based methods for predicting DGAs, the PFIN approach
has shown the potential to reduce noise during integration, since PFINs take the quality of
individual datasets into account by confidence scoring before integration ( Section 2.3.3)
[55], [56], [59], [86], [90]. The PFIN approach has been applied to various applications such
as protein function prediction and new PPI prediction, and it has shown encouraging results

in PPI networks [50], [55], [57].

While the PFIN approach already involves considerable efforts to reduce noise during data
integration in unipartite PPI networks [50], [55], [57], this approach has remained limited to
bipartite DGA networks (for more details about PFINs, refer Section 2.3.3). Several unique
challenges occur when applying this approach to such bipartite DGA networks. First, the lack
of identification of accurate and good coverage (containing diverse types of diseases) gold
standard data for DGAs. A gold standard is a benchmark dataset which can be used to

evaluate the quality of datasets and also can be used to validate outputs from studies (Section
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2.3.2). One of the main challenges in applying PFINs to DGA networks is the lack of reliable
and comprehensive gold standard data for DGA data. Gold standard data is an important
component in building PFINs because it serves as the benchmark for scoring and assessing
dataset quality ( Section 2.3.2). Accurate and comprehensive gold standards should
encompass diverse types of diseases and reflect high-confidence DGAs. Studies in PPI
networks have shown that gold standards significantly impact the performance of PFINs
[192]. Therefore, the selection of the gold standard is one of the most important steps in
building PFINs. However, current DGA datasets often lack either the high-quality data or the
comprehensive coverage needed in terms of diseases, leading to potential biases and
limitations in the performance of PFINs. Addressing this issue is critical to ensure the validity

of PFINS, facilitating more accurate predictions and insights into disease mechanisms.

Second, the lack of identification of appropriate individual datasets to represent DGAs poses
a challenge. Many existing DGA datasets are either not of high quality or lack comprehensive
coverage of diseases. Selecting the appropriate individual datasets is essential for building
PFINs, as these datasets are scored and then integrated into the network. Studies in PPI
networks have shown that individual datasets significantly impact PFINs' performance.
Therefore, individual datasets need to be high-quality, up-to-date, and provide good coverage

of diseases.

Third is the lack of appropriate evaluation techniques for the robustness of such
bipartite-weighted DGA networks. Most available robustness network analysis techniques,
such as link prediction and network clustering analysis ( Section 4.3.3.1), were originally
developed for unipartite or unweighted networks such as PPI networks. While some studies
have attempted to adapt these techniques to bipartite-weighted networks, they still face
several limitations ( Sections 4.3.3.1). Therefore, there is a need to search and develop

appropriate and robust evaluation techniques specifically tailored for bipartite-weighted DGA
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networks. Therefore, the aim of this work was to address these limitations by investigating

the applicability of this approach to DGA networks.

2.4.1.3 Text Mining Methods

Text mining methods play a significant role in disease-gene identification by extracting
valuable information from the vast amount of biomedical literature available in the form of
scientific articles, clinical reports, and other textual sources. These methods leverage natural
language processing (NLP) techniques to automatically process and analyse text, enabling the

discovery of potential associations between diseases and genes [216].

Frankild et al. introduced a text mining method targeting disease-gene associations [108].
They developed a confidence scoring mechanism based on co-occurrence to assess the
relationship between a gene and a disease. This scoring quantifies the frequency with which
genes and diseases are mentioned together in the text corpus. The scoring approach is
designed to reflect the varying strengths of co-occurrences. Co-occurrences within the same
sentence are considered more robust evidence than co-occurrences spanning multiple
sentences within a paragraph. Similarly, co-occurrences within a paragraph outweigh those

occurring across paragraphs within a paper.

2.5 Biomedical Databases

Numerous data sources are available, providing the potential to facilitate the applications of
computational methods to drug repurposing focusing on DGAs. These data repositories can
be classified into databases manually curated by biocurator experts; animal models which
focus on animal-related data; inferred databases which are derived from statistical analyses
and predictions; integrated databases which automatically integrate information from
multiple diverse sources; and literature data which involve text mining from the biomedical

literature. Examples of each category are outlined in Table 2.1.
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Table 2.1. A survey of some available biomedical databases including their types, names, descriptions

and focus.

Method of
Data

Biological
Focus of

Generation Data

Databases

Name

Description of the Data Source

Link and

Reference

Manually Protein
curated

data

Universal Protein
Resource
(UniProt)

Focuses on protein
sequences including
annotation data, functional
details, and protein-coding
genes for human, yeast, and
bacteria.

Combines expert-reviewed
UniProtKB/Swiss-Prot with
unreviewed
UniProtKB/TrTEMBL
sequences.

Involves expert biocuration
teams reviewing
experimental and predicted
data

ot.org/
[217]

Human Protein
Atlas (HPA)

Includes protein expression
across various tissues,
organs, and cell types.
Provides protein expression
changes linked to diseases
Providing
Immunohistochemistry
(IHC) data in to locate
proteins in tissue samples
Provides visual
representations of protein
localization within tissues
Includes both physical PPIs
and genetic interactions.

https:

inatlas.org/
[218]

www.prote

Biological
General
Repository  for
Interaction
Datasets
(BioGRID)

Gathers experimental data
from scientific literature,
high-throughput and
low-throughput
experiments, and curated
databases.

Employs manual curation,
with curators meticulously
reviewing literature and

https://thebiog

rid.org/
(87]
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experimental data to ensure
reliability.

Includes supplementary
information, including
experimental techniques,
and original research
articles.

Regular updates incorporate
new interaction data,
improving the overall
quality

Gene

Reactome

Provides a comprehensive
overview of biological
pathways, reactions, and
processes across diverse
organisms.

Concentrates on elucidating
molecular processes within
cells, driving various
biological functions such as
metabolism, signal
Contains a detailed
catalogue of pathways,
representing organised
sequences of molecular
reactions and interactions
leading to specific cellular
processes.

Provides manual curation
by experts, ensuring the
reliability of the data.

https://reactome.

org/
[186]

Gene Ontology
(GO)

Describes gene functions
and products

Uses a structured
vocabulary to categorise
functions into molecular,
biological, and cellular
components.

GO terms are organised
hierarchically, showing
relationships between
different gene functions.
Annotations are based on
experimental evidence or
computational predictions.

http://geneont
ology.or,
[183]
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National Centre
for Biotechnology
Information
(NCBI)

Offers a wide range of
resources in bioinformatics,
biomedical, and molecular
biology fields including
PubMed, providing access
to a vast scientific literature
collection, and GenBank,
facilitating exploration of
DNA sequences.

Provides resources for
genomics, proteins, and
genes, enhancing
understanding in these
areas.

https://www.nc

bi.nlm.nih.gov/

[11]

Disease

Online
Mendelian
Inheritance in
Man (OMIM)

A comprehensive database
of human genes and genetic
phenotypes

Includes manually curated
DGA:s.

Focuses on the molecular
relationship between
genetic variation and
phenotypic expression.
Updated manually by the
biocurator.

https://www.ncb

i.nlm.nih.gov/om

im

(88]

Orphanet

Includes manual curated

rare diseases, DGAs and
orphan drugs

Provides high-quality data on
rare diseases including a
classification of rare diseases,
DGAs and mappings with
other terminologies, and a
proportion of associations
taken from OMIM

https://www.or

pha.net/consor
/cgi-bin/index.p
hp

[113]

Clinical
Genome
Resource(ClinG
en)

Dedicated to evaluating the
clinical importance of genes
and variants.

Manually curated to assess
DGAs

Provides clinical validity
classifications based on
evidence from literature and
other sources.

Utilises a gene curation
process to evaluate the
confidence of DGAs based

ome.org/

[219]
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on publicly available
evidence, including genetic,
experimental, and
contradictory evidence from
the scientific literature.

The curation process involves
assigning a clinical validity
classification using methods
and metrics developed by the
ClinGen (For more details
about evidence level metric
developed by ClinGen, see
Section 2.4.2.2)

Genomic
England

Publicly available knowledge
base for creating, storing, and
querying virtual gene panels
related to human disorders
Utilises a crowdsourcing tool
to integrate reviews from the
global clinical and scientific
community.

Expert biocurator team
evaluates gene lists to assess
evidence supporting or
refuting DGAs

Evaluation process includes a
traffic-light system indicating
confidence levels: Green:
Highest confidence
(supported by at least three
sources); Amber: Moderate
confidence (supported by two
sources); Red: Lower
confidence (supported by one
source).

https:

www.geno

micsengland.co.uk

L

Cancer
Genome
Interpreter
(CGI)

Foucs on interpreting and
analysing cancer genomic
data.

Integrates information from
various sources for
identifying potential driver
mutations and therapeutic
options.

Provides evidence-based
interpretations from

https:

WWW.canc

ergenomeinterpre

ter.or

[112]

home
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scientific literature, clinical
trials, and databases

Psychiatric
disorders Gene
association
NETwork
(PsyGeNET)

Explores psychiatric
diseases and related genes.
Extracts DGAs from
scientific literature using the
text mining tool BeFree.
The text mining process is
followed with a curation
process conducted by expert

biocurator teams in the field.

The curation team involves
22 experts from diverse
backgrounds, including
psychiatry, neuroscience,
medicine, psychology, and
biology.

http://www.ps
genet.org/web/
PsyGeNET/men
u;jsessionid=1d
gwnbgzb7ip9la
f319kd2bn4qg

[114]

Drug

DrugCentral

Provides information about
drugs such as authorised
medications and
experimental compounds,
drug nomenclature,
molecular configurations,
modes of operation, drug
applications, drug
contraindications, and
recommended dosages.
Contains characteristics of
drugs, including their
interactions with receptors,
enzymes, and molecular
targets.

Explores facets of drug
metabolism, covering how
substances are absorbed,
distributed, metabolised,
and excreted by the body.

https://drugcent

ral.org/
[220]

DrugBank

Provides detailed
information about drugs,
chemical structure,
indications,
contraindications, dosages,
and administration routes.
Includes information about
the molecular mechanisms
by which drugs exert their
effects, how drugs target

https://go.drugba
nk.com/
[221]
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specific proteins, enzymes,
receptors, or other
biological components, and
potential drug-drug
interactions.

Provides information about
possible side effects,
adverse reactions, and
toxicity associated with
drugs.

Identifies the molecular
targets that drugs interact
with, offering insights into
their therapeutic
mechanisms

Includes information about
ongoing or completed
clinical trials for some
drugs.

Inferred

data

Disease

Genome-Wide
Association
Studies (GWAS
Catalog)

Includes information about
DGA and DVA identified in
GWAS.

Provides a reference and link
to each GWAS study for
further exploration and
verification.

Gathers information from a
variety of GWAS studies
conducted worldwide.
Focusses on genetic
associations with various
traits, phenotypes, and
diseases.

Regularly updated to
incorporate new findings and
enhance the overall quality of
the data.

https://www.ebi.a

c.uk/gwas/
[222]

Genome-Wide
Association
Studies Database
(GWASdDb)

Provides comprehensive data
curation and knowledge
integration for GWAS
Focuses on GWAS identified
significant
trait/disease-associated SNPs.
Integrates data from various
sources related to GWAS

https://maayanlab

.cloud/Harmonizo
me/resource/GWA
Sdb

[190]
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studies

Regularly updated to
incorporate new GWAS
findings.

Clinical
Variation
Database(ClinV
ar)

Foucses on the clinical
significance of genetic
variations and their
associations with health and
diseases.

Involves a curation process to
assess the clinical importance
of genes and variants based
on evidence from literature
and other sources.

Assigns clinical validity
classifications using methods
and metrics developed by the
ClinGen. These
classifications are based on
publicly available evidence,
including genetic,
experimental, and
contradictory evidence from
scientific literature.
Collaborates ClinGen, to
enhance the quality( see
Section 2.4.2.2 for quality
assessment process
developed by ClinGen)

https://www.ncbi.
nlm.nih.gov/clinva
(74

[189]

Human
Phenotype
Ontology (HPO)

A structured vocabulary used
for describing traits and
clinical features in human
diseases.

Supports phenotype
descriptions in genetic and
medical conditions.

Aids in accurate phenotype
annotations, identifying
DGAs, and genomics.
Organised hierarchically with
terms having identifiers,
synonyms, and definitions.
While it is designed for
human phenotypes, it can
annotate traits in other

https://hpo.jax.
org/a
[223]
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species, enabling
comparative studies.

Integrated
data

Protein

Integrated
Interaction
Database (IID)

Integrates known and
predicted interactions
between eukaryotic
proteins.

Covers 30 tissues in model
organisms and humans,
providing tissue-specific
PPIs.

Incorporates experimentally
detected PPIs, orthologous
PPIs, and high-confidence
computationally predicted
PPIs.

Users can input proteins,
match them to orthologs,
and find interactions
specific to various tissues.
Includes data for model
organisms such as yeast,
worm, fly, rat, mouse, and
human.

http://dcv.uhnr
es.utoronto.ca/

iid/Download/
[224]

Disease

DisGeNET

Integrates information on
human DGAs and VDAs
from different sources
including curated, animal
models, inferred, and
literature data sources.

The scope includes
Mendelian, complex, and
environmental diseases.
Employs two scoring systems
to prioritise associations, one
is for DGAs, and the other is
for VDAs (for more details
about the confidence scores ,
see Section 2.4.2.2)

https://www.dis

genet.org/
[116]

Drug

NeDRex

An interactive network
medicine platform designed
for disease module
identification and drug
repurposing.

Comprises three main
components: a knowledge
base (NeDRexDB); a

https://nedrex.net
tutorial/intro.ht

ml
[48]
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Cytoscape app
(NeDRexApp); and an API
(NeDRexAPI).

Integrates information from
21 existing data sources,
including NCBI,
DrugCentral, CTD,
DrugBank, SIDER, HPO,
Mondo, OMIM, DisGeNET,
HPA, BioGRID, Reactome,
UNIPROT, GO,
BioOntology, UniChem,
Repotrial, and ClinVar.
Includes relationships
between drugs, molecules,
disorders, genes, proteins,
and variants. These
associations include
information about
indications, targets, side
effects, contraindications,
molecular similarity,
phenotypes, gene
associations with disorders,
gene expression, protein
interactions, pathways,
signatures, and more.

2.6 Graph Neural Networks(GNNs)

The fundamental idea behind GNNss is to learn and propagate information through a graph by
iteratively updating node representations based on information from neighbouring nodes.
This process is often referred to as message passing. GNNs encode both the node's own
features and the features of its neighbours, allowing them to capture complex patterns and

dependencies in graph-structured data. The key components of a GNNs include (Figure 2.6)

[129]:

Node Embeddings: Each node in the graph is associated with an initial embedding or feature

vector that represents its characteristics or attributes (Figure 2.6.A).
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Message Passing: GNNs iteratively aggregate information from neighbouring nodes and
update node embeddings using learned transformation functions. These functions enable

nodes to exchange information and consider their local context (Figure 2.6.B).

Aggregation: Information from neighbouring nodes is aggregated to form a new
representation for each node. Various aggregation methods, such as summation, mean, or

attention mechanisms, can be employed (Figure 2.6.C).

Update Function: The aggregated information is combined with the node's current
embedding using an update function. This function is designed to capture the way in which

the node's representation should evolve based on its neighbours' information.

Pooling and Output Layers: GNNs can include pooling layers to down sample graphs and
output layers for specific tasks, such as node or graph classification. Figure 2.7 shows

two-layer graph neural network structure.

There are many types of GNNs, such as Graph Convolutional Networks (GCNs) which were
introduced by Thomas Kipf and Max Welling in 2017 in Amsterdam [225], GraphSage which
was introduced by Leskovec and two of his Stanford graduate students in 2017 [226], and
Graph Attention Networks (GATs) which were introduced by researchers from Cambridge
University in 2018 [227].

While GCNs, GATs, and GraphSAGE all operate on graph-structured data, they differ in
terms of their aggregation mechanisms, attention mechanisms, weight sharing, information
propagation, scalability, and use cases. The choice of which model to use depends on the
specific task, graph structure, and computational considerations. Since this work deals with
big data and more than a million edges, and due to the limited resources of memory and

computations, GraphSAGE was employed to predict links between drugs and diseases.
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Figure 2.6. Neighbourhood exploration in graph convolutional networks. Each node is assigned a feature vector, including

the target node Pl. Through message passing, Pl aggregates features from its neighbours (Drl, Dr2, D1, G1). Aggregator

functions (e.g., mean, max) then combine these features to generate node embeddings.
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Figure 2.7. Two-layer graph neural network structure. The node embedding of the target node Pl is generated by
aggregating information from the node s neighbours in two depth layers. The figure was adapted from
https://web.stanford.edu/class/cs224w/slides/08-GNN.pdf

GraphSAGE operates by sampling a fixed-size neighbourhood for each node and then
aggregating the sampled neighbours' features. This approach employs aggregation functions
such as mean, min, max, or sum aggregation to combine neighbours' features. GraphSAGE
does not learn separate weights for different nodes, and the aggregation scheme is fixed based
on the chosen aggregation function. This method focuses on local neighbourhoods and is
designed for scalable inductive learning on large graphs. GraphSAGE is scalable to large
graphs due to its neighbourhood sampling strategy, making it suitable for applications where
the graph is large. By sampling neighbourhoods and using aggregation functions,
GraphSAGE optimally utilises computational resources and memory, making it feasible for

training on large-scale graphs without requiring excessive resources. (Figure 2.8).
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1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

Figure 2.8. Sampling and aggregation in GraphSAGE. A sample of neighbouring nodes contributes to the embedding of the

central node. The figure is from [226].

2.6.1 Graph Neural Network Applications in Drug Repurposing

Recently, there has been growing interest in utilising GNNs in drug repurposing applications,
which aim to find new uses for existing drugs. This increasing attention is due to the ability
of GNNs to extract meaningful information from complex biomedical knowledge graphs.
Biomedical information represented as graphs offers a clear and efficient way to highlight
data structure. The integration of deep neural networks with graph-based data provides a

promising approach to addressing the challenge of drug repurposing.

For example, Sadeghi et al. constructed a complex heterogeneous graph called the
drug-protein-disease (DPD) network representing the connections between drugs, proteins,
diseases, and drug side effects [26]. They assigned labels to each drug-protein interaction
edge in the DPD network, indicating the diseases associated with both the drug and protein.
They then designed a multi-label ranking approach that incorporated a graph neural network
architecture, which operated on this complex graph-structured data. This approach used the
interaction patterns and features of drug and protein nodes. Their method outperformed

existing techniques on the same dataset.
Doshi et al. developed a drug repurposing approach using a graph neural network model

[130]. This model aimed to predict potential treatments for newly identified diseases. They

employed a multi-layered heterogeneous network containing approximately 1.4 million
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edges, which capture complex interactions among around 42,000 nodes representing drugs,
diseases, genes, and human anatomies. The model was constructed with an encoder-decoder
architecture to generate scores for drug-disease pairs that are under assessment. Moreover,
the application of their proposed model to a coronavirus disease (COVID-19) dataset is
highlighted. The results show that many drugs from the proposed model predicted list are

already being studied for their potential effectiveness against the disease.

Zhang et al. introduced a new comprehensive model named Graph Convolution Network
based on Multimodal Attention Mechanism (GCMM) [131]. This model integrated multiple
types of data, including known drug-disease relationships, drug chemical similarity, drug
therapeutic similarity, disease semantic similarity, and disease target-based similarity, into a
heterogeneous network. The GCMM employed a Graph Convolution Network encoder to
learn representations of drugs and diseases from various perspectives. The GCMM's
performance surpassed that of four recently proposed deep-learning models across the
majority of evaluation criteria. The GCMM demonstrated its reliability in predicting
drug-disease relationships and displayed improvements in relevant metrics. The study
included a case study focused on AD. Notably, four out of five medications identified by
GCMM as having the highest potential correlation with AD are substantiated by literature or

experimental research.

While GNNs hold promise in the field of drug representation, they are not without
limitations. Despite their potential, several challenges and drawbacks persist in their
applications to drug repurposing. Certain approaches tend to prioritise addressing the problem
of missing data over data quality concerns. They assume that available data is of high quality,
despite the fact that the efficacy of these methods heavily depends on data quality. Ignoring
data quality can undermine the success of these techniques. Moreover, present GNN-based
methods often operate within constrained knowledge graphs, characterised by limited nodes
and edge types, along with restricted features. This limited scope can restrict the model's
ability to capture the full complexity of drug-disease relationships. Importantly, the majority
of GNN models overlook the inclusion of node features, often due to their absence in many
existing databases. Nonetheless, integrating node features could potentially enhance the

performance of these models. Furthermore, many existing graph learning techniques
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concentrate primarily on node features and often disregard the valuable information stored in
edge features. In drug repurposing, edge features contain valuable information about graph

structures that are not adequately leveraged by existing methods.

This work focused on overcoming these constraints by incorporating PFINs technique within
GNNs, aiming to tackle data quality concerns. Additionally, a GNN framework was deployed
on a recently developed extended heterogeneous biomedical knowledge graph called
NeDRex. This graph encompasses various node and edge types, comprising 11 distinct types
of nodes and 19 different types of edges, thus addressing the limitations associated with
limited knowledge graphs. Furthermore, node features were integrated into the GNN model

to improve its performance.

2.7 Drug Repurposing

Traditional drug discovery is a complex, lengthy, high-risk and costly process. On average,
the process of bringing a new drug to the market typically requires 10 to 15 years, according
to industry group PhRMA® [228], [229], [230]. It is also estimated that the overall mean
expenditure involved in developing a novel pharmaceutical compound is $298 million to $2.3
billion, according to the latest annual report in 2023 from Deloitte'*. Annually, over 90% of
pharmaceutical compounds do not progress through the development process, primarily due
to high toxicity or inefficacy [231]. The incorrect identification of the drug target is one of the
most common factors of inefficacy, which leads to a high rate of attrition [232]. Attrition
refers to the elimination of potential drug candidates for reasons such as ineffectiveness or
safety concerns which lead to setbacks in the drug development pipeline [231], [232]. Despite
rapid advances in technologies and genomics over time, the rate of newly approved drugs
remains consistent with that of previous years; analyses of clinical trial data from 2010 to
2017 show that the success rate of drug development remains at 10%—15% [231], [232]. Only

5% of oncology drugs that undergo Phase I, Phase II, and Phase III clinical trials are

Lhttps://phrma.org/policy-issues/Research-and-Development-Policy-Framework

Yhttps://www?2.deloitte.com/content/dam/Deloitte/uk/Documents/life-sciences-health-car
e/deloitte-uk-seize-digital-momentum-rd-roi-2022.pdf
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ultimately approved. Phase I includes testing the safety and the dosage of a drug in a small
group of healthy individuals, while Phase II involves testing the efficacy of the drug in a
larger population with the targeted disease. Phase III consists of large-scale clinical trials to
confirm effectiveness and safety, providing data for regulatory approval and Phase IV
involves post-marketing surveillance to monitor the performance and safety of the drug under
real-world conditions [233]. There are a large number of rare diseases (diseases that affect < 1
in 2,000 people), making the traditional approach to drug development less cost-effective for

these diseases[234].

Drug repositioning (or repurposing) encompasses various processes and approaches that aim
to uncover alternative applications or find new uses for medications that are already available
in the market [235]. This strategy is considered efficient, economical, and less risky than
developing new drugs. The costs and risks of traditional drug discovery can be reduced. The
repurposed drugs have often already been proven safe in humans through successful
completion of Phase I, Phase II, and Phase III clinical trials, so the risk of failure due to
safety reasons is low [9], [236]. The approximate cost of developing a new drug through a
drug repurposing strategy is, on average, $300 million [228], [230]. This approach is
beneficial in the case of rare diseases, which affect a small population, for whom there is
limited interest in new drug development due to the risk and low economic benefits of
investment in this area [234]. The drug discovery timeline is reduced as a significant portion
of the preclinical testing and safety evaluation will have already been conducted (Figure 2.9)
[229]. Due to these benefits, approximately 30% of recently approved drugs in the US have

undergone the process of repositioning [237].
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Figure 2.9. Comparison of traditional drug development and drug repurposing. The purple arrow indicates

initiation time, and numbers show average duration (in years). Repurposing skips preclinical and phase 1 trials,

as these are already completed. Adapted from [9], [238].

2.7.1 Methods for Computational Drug Repurposing

Computational approaches incur lower costs than experimental methods [7], [9], [236]. Their
progress has been facilitated by the availability of biological data from diverse sources, such
as genomics, proteomics, chemo-proteomics, and phenomics [134], [144]. These data sources
have provided the foundation for constructing heterogeneous biological networks that can be
analysed using network mining repurposing algorithms [12], [239], [240], leading to the
discovery of new insights and connections [14], [45], [64]. The combination of these factors
has contributed significantly to the advancement of computational drug repositioning
approaches, which typically involve techniques such as data mining, machine learning, deep
learning, and network analysis [45], [50], [64], [68], [241], [242]. In silico drug repositioning
can be divided into drug-centric (finding new uses for existing drugs based on drug similarity
[14], [70], [124]) and disease-centric (identifying effective drugs for a specific disease based
on disease similarity [62], [98]).

Currently, a majority of research in in silico drug repositioning focuses on exploring the

54



Chapter 2: Background

interconnections among various biomedical entities such as drugs, diseases, genes, and
proteins[12], [25], [26], [27], [64]. The drug repositioning domain stands to benefit from the
implementation of advanced computational techniques that enable the detection of these
intricate relationships, thereby facilitating the identification of novel therapeutic possibilities

for existing drugs [64].

2.7.1.1 Machine learning-based approaches

Recently, numerous machine learning methods have been developed for drug repurposing
applications, such as logistic regression (LR), SVM, random forests , neural networks , and
deep learning . Machine learning models use biological data to predict novel relationships
between drugs and diseases. Firstly, feature vectors are extracted from drugs’ properties, such
as drug fingerprint, chemical structures, and side effects, while phenotype data characterise
diseases. Secondly, machine learning models are trained on these drug and disease feature
vectors. Finally, associations between drugs and diseases can be predicted based on these

models.

In their study, Gottileb ef al. created a model called PREDICT, which relies on the similarity
between drugs, diseases, and integrated similarity values. By employing logistic regression,
the researchers utilised these features to predict drugs that are similar in their effects for
similar diseases [243]. Liu et al. developed SPACE, a predictive model built on logistic
regression, to determine a drug's therapeutic chemical class. This model integrates various
data sources to achieve accurate predictions regarding a drug's classification for therapeutic
purposes [156]. Napolitano et al. employed an SVM approach to predict therapeutic drug
classes by considering molecular targets, drug chemical structures, and gene expression
similarities. These features were combined to generate a unified drug similarity matrix. The
similarity matrix was then used as a kernel for SVM classification [17]. In their study, Wang
et al. utilised an SVM model that integrated molecular activities, drug chemical structures,
and side effects. By combining these three types of data, they created a kernel function for the

SVM classifier, resulting in a method that is more efficient than other approaches [244].

In most recent published studies, deep learning has emerged as a groundbreaking field within
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machine learning, proving to be immensely influential in drug repurposing and development.
This technique has seen significant advancements and is now at the forefront of innovative
approaches in this domain [18], [132]. Previous studies showed that deep neural network
(DNN)-based drug repurposing methods exhibit superior performance when compared to
conventional machine learning techniques such as SVM or RF. DNN-based methods have
been reported as more effective for predicting drug targets, showcasing their potential for

enhanced accuracy and efficiency in this context [18], [132], [133].

Aliper et al. employed a deep learning approach to analyse gene expression profile data,
aiming to predict the therapeutic types of drugs. Their findings revealed that DNNs
outperformed SVM in this task. Other studies have indicated that multitask learning using
deep learning-based approaches yields better results than traditional machine learning
methods such as SVM or RF [15]. Previous works have also demonstrated the effectiveness

of deep learning-based methods in accurately assessing drug toxicity [245].

Because of its ability to grasp intricate relationships between features and outcomes from vast
datasets, deep learning, as a subdivision of machine learning, holds immense promise in the
field of drug discovery [246]. Among the diverse range of deep-learning models, GNNs have
been receiving growing attention in the drug discovery domain [246].This surge in interest is
attributed to the fact that GNNs can present molecules and interactions in a clear and succinct
manner [246]. The strength of GNNs is derived from their capacity to effectively model
biological interactions using graph representations, harnessing the power of both graph

modelling and deep learning techniques.

GNNs are gaining attention in drug discovery because they constantly exhibit better
performance than traditional neural networks such as deep convolutional neural networks
(DCNN). For example, Torng et al. developed a framework that leveraged graph
convolutional neural networks (GCNN) to predict interactions between proteins and ligands
across 102 protein targets. Their model outperformed other deep learning approaches,
including 3DCNN and NN [71]. Lim and colleagues introduced a novel method for
conducting structure-based virtual screening using GNNs with a focus on the 3D

protein-ligand binding pose. Their approach surpassed the performance of CNNs in this
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context [70]. Jiang et al. developed a predictive model for drug-target interactions, which
involved creating two graphs representing the molecular structure and protein information.
The researchers then employed two GNNs to extract relevant information from these graphs

and make predictions of the affinity of binding between the ligand and the target protein [69].

2.7.1.2 Network-based approaches

Networks are a knowledge-based approach based on integrating diverse data sources to
represent a wide range of interactions. These interactions include but are not limited to DDIs,
DTlIs, drug-disease, disease-disease, DGAs, PPIs, and transcriptional and signalling networks
to infer unknowns or hidden drug-disease relationships [53]. For example, Cheng et al.
incorporated network-based inference by assessing the similarities among drug-based,
target-based, and network-based interactions. They utilised these similarities as a basis for
predicting drug-target interactions [247]. Wu and colleagues employed a drug-disease
heterogeneous network model to create a specialised network for identifying interconnected
modules of drugs and diseases. This approach allowed them to extract valuable information
concerning potential drug-disease indications [248]. Haeberle et al. developed a drug
repurposing technique focused on cancer drugs. Their method involved exploring the

potential off-target effects of these drugs on cancer cell signalling pathways [249].

In particular, semantic networks, a type of network-based approach, have a powerful
capability to predict complicated relationships between biological entities from semantic
meta-knowledge graphs [12], [27], [50]. A massive amount of semantic information in the
biomedical literature enables the construction of semantic networks by integrating multiple
data sources. Semantic network-based methods are used in many biomedical applications,
including DGA identification, DTI prediction, and drug repurposing. In drug repurposing
applications, semantic network-approaches include three steps (Figure 2.10): firstly,
biological entity relationships are extracted from prior information. Secondly, semantics
networks are constructed by adding this prior information. Finally, network mining

algorithms are developed to uncover novel drug-disease indications.
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Figure 2.10. Workflow of semantic network inference.

Mullen et al. [12], [27] developed a data-driven approach for drug repurposing based on
semantic network-based techniques. A Bayesian statistical method was used to generate DGA
confidence scores according to prior knowledge. The confidence scores were used to rank the
DGAs. The ranked DGAs were integrated with other biological relationships, such as PPIs,
protein-encoded-by genes, drug has indications, and drug-has-target, to build a semantic
integrated network for drug repurposing. A semantic network mining algorithm, including
semantic subgraph matching, was developed to uncover novel drug-disease indications. The
author concluded that nitrendipine, a potent calcium channel blocker, could be used to treat
hypokalemic periodic paralysis. Skelton et al. employed a blend of network algorithms and
manual curation to explore integrated semantic knowledge graphs. A probabilistic functional
integrated network for PPIs was constructed to identify drug repurposing opportunities for
COVID-19. Their results reported eight potential repurposing opportunities identified [50].

Chen et al. [250] developed a semantic network with different biological entities such as
drugs, chemical compounds, targets, proteins, side effects, and diseases. A statistical model
was applied to predict drug-target relationships. The topological structure and the semantics
of the drug-target subgraph were considered. Similar drug-drug pairs across various disease
categories could indicate potential repositioning opportunities. The suggested model inferred
certain DTIs and potential repurposed drugs. An example includes the prediction that

barbiturates, typically used to treat migraines, could also effectively alleviate insomnia,
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supported by literature evidence. However, this approach is made challenging by the need to
construct a semantic network by integrating heterogeneous data. Previous studies show that
the accuracy of predicting biological entity relationships has improved when using
semantics-based networks. However, constructing a semantic network by integrating multiple

diverse data sources is challenging.

2.7.1.3 Text mining-based approaches

Several text-mining techniques have been developed to uncover novel drug-disease
indications in the literature. For example, Cheng et al. [109] implemented a web-based text
mining system for mining associations between different biomedical entities such as diseases,
genes, proteins, and drugs. Diverse text mining techniques have been applied to a massive
collection of biomedical databases to extract informative abstracts, paragraphs, or
sentences. Li et al. [251] developed a model to extract clinical pharmacogenomics (PGx)
gene-drug-disease associations using data from clinical trials. Relevant text in clinical trial
records, which was obtained from ClinicalTrials.gov was determined and used as a dictionary
to identify PGx entities. The co-occurrence of PGx concepts in each clinical trial was
considered to identify gene-drug-disease associations. Then each clinical trial was indexed
using its identified gene-drug-disease relationships. Therefore, given a PGx gene, the model
can identify related diseases and drugs within the corresponding clinical trials. Likewise,
given a PGx gene-drug or gene-disease pair, the model can return to clinical trials in which

the PGx pair is or has been studied.

2.8 Summary and Conclusions

Network integration is a key method in computational drug repurposing, combining diverse
data sources into heterogeneous networks. The quality of these networks, crucial for reliable
inferences, depends heavily on the accuracy of the data. DGA networks are essential for
uncovering disease mechanisms; however, existing DGA networks suffer from high false
positive rates, particularly from high-throughput data, and the current scoring methods are
often unreliable. This thesis addressed these issues by developing PFIN techniques to

improve DGA network accuracy, reduce noise, and enhance reliability. These improved
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networks were then integrated into broader biomedical networks for deep learning with
GNNs, enabling more accurate predictions of drug-disease links and supporting drug

repurposing efforts.
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Chapter 3

Methods

This project aimed to research and develop computational approaches to highlighting drug
repurposing opportunities based on the use of PFINs and GNNs focusing on DGAs. To
achieve this aim, several existing data sources, tools, and methods were employed and
integrated to build and assess the developed PFINs and GNNs. This chapter outlines the data
sources, tools and computational methods applied in this project. The data sources that were
used in this project will be introduced in Section 3.1 (see Chapters 4-6). The computational
methods and evaluation techniques employed to build and evaluate the PFINs will be
discussed in Sections 3.2.1 to 3.3.4 (see Chapters 4-5). The computational methods and the
evaluation techniques developed to build and evaluate the biomedical literature mining
approaches to extracting DGA experimental techniques will be introduced in Sections 3.5.1
to 3.5.3.1 (see Chapter 5). The computational methods and the evaluation techniques
developed to build and evaluate the GNNs will be introduced in Sections 3.6.1 to 3.6.4 (see
Chapter 6).

3.1 Data Sources

DisGeNET" (v7.0, 2020, SQL download) [141] was used as a source for DGAs for several
reasons [141]. First, DisGeNETis a comprehensive DGA database that integrates
associations from several sources that cover different biomedical aspects of diseases. Second,
DisGeNET is one of the largest publicly available collections of genes and variants
associated with human diseases. Third, DisGeNET integrates data from multiple, diverse data
types, including expert-curated repositories, GWAS catalogues, animal models, and the
scientific literature [141]. Fourth, DisGeNET is annotated using controlled vocabularies. The
vocabulary used for diseases is the CUIs from the UMLS Metathesaurus'®. The vocabulary
used for genes is the official gene symbol, from the NCBI' [11]. This standardisation of

identifiers eliminates the need for identifier mapping, as unified identifiers are already in

5 https://www.disgenet.org/

18 https://www.nlm.nih.gov/research/umls/index.html

7 https://www.ncbi.nlm.nih.gov/
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place. Finally, several original metrics are provided by the DisGeNET team to assist the
prioritisation of genotype-phenotype relationships, such as DGA score, evidence level, and
evidence index. Only manually curated DGAs were used. Curated data sources are
meticulously reviewed and verified by human experts, ensuring that the data presented is
accurate and reliable since these data sources undergo rigorous quality control processes to
eliminate errors, duplicate, inconsistencies, and outdated data, reducing the noise in the data
source. The quality control process results in high-quality data that can be trusted for various

applications (Section 2.5).

OMIM" (downloaded March 4th, 2022) [88] was chosen as an external source for the DGA
gold standard for many reasons: OMIM data is meticulously curated by human experts who
evaluate, and synthesise data from scientific literature, research studies, and clinical reports
[88]. OMIM surpasses other data sources in reliability because of its rigorous curation
process, which involves meticulous evaluation and synthesis of scientific literature by expert
geneticists. This process ensures high accuracy and comprehensive coverage of genetic and
phenotypic relationships. This manual curation ensures that the data presented in OMIM are
accurate and reliable. OMIM is also regularly updated to incorporate new DGAs. This
incorporation ensures that the database reflects the latest and most up-to-date DGAs. OMIM
also provides information on both the clinical manifestations of genetic disorders and on the
underlying molecular basis which bridges the gap between clinical practice and molecular
research. The OMIM database categorises disorders based on genetic associations, indicated
by numbers in parentheses. Categories include: 1) disorders associated with a gene but with
an unknown defect, 2) disorders mapped through linkage without identified mutations, 3)
disorders with a known molecular basis and identified mutations, and 4) disorders caused by
contiguous gene deletions or duplications. Only associations where the molecular basis of the
disorder is known (category 3) and disorders with known susceptibility are recommended for
use, the probability of using robust and accurate genetic data. Only DGAs for which the

molecular basis of the disorder is known were included in this chapter (Section 2.5).

'8 https://www.omim.org/
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Monogenic DGAs' [252] were also used as an external source for the DGA gold standard. A
dataset of rare monogenic diseases, causative genes, and DGAs was used as a source for
monogenic experimental studies. This dataset contains details on monogenic, rare diseases
with known genetic causes. The dataset was downloaded from the figshare database” in a
spreadsheet and nanopublication. In monogenic studies, a single gene mutation is responsible
for the development of a disease. The clear link between a single gene and a monogenic
disorder provides a solid basis for validation, which makes monogenic DGAs reliable
benchmarks with a high degree of accuracy for genetic studies. A set of 4166 rare monogenic
disorders, 3163 causative genes and 4292 associations was used as a source for monogenic

experimental studies®' [252].

BioGRID?* [87] (Homo sapiens version 4.4.213, August 2022) database was also chosen as a
source for the Gene-Gene Association (GGA) Gold Standard since it is manually curated and
contains expert-reviewed interactions, ensuring high-quality data. BioGRID contains both
physical and genetic PPIs from 28 experimental types including high throughput and low
throughput. BioGRID is among the most comprehensive databases for H. sapiens,
encompassing 22 different data types with source metadata linking back to the original
publications. Curators furnish standardised, unique gene identifiers and provide NCBI IDs for
all genes and proteins, eliminating the need for ID mapping. The database is regularly
updated to incorporate new findings and maintain its relevance in PPIs. Only physical and

low throughput interactions were used (for more details, see Section 2.5).

Reactome® [253] (version 81, 2022) database was also used as a source for the GGA Gold
Standard. It covers a variety of biological pathways, such as metabolic, signalling, and
regulatory pathways. The database provides information about each step in these pathways,
which help to understand cellular processes. This database is curated by human experts to
maintain the accuracy and reliability of the data. The curation process involves the review of
scientific literature, which helps maintain the quality of the data. Reactome offers pathway
information for multiple species, including humans, model organisms, and other commonly

studied organisms. Reactome is regularly updated to include the latest research findings. It is

9 https://www.nature.com/articles/s41597-021-00905-y
Phttps://springernature.figshare.com/articles/dataset/Metadata_record_for_A_resource_to_explore_the_disc
overy_of rare_diseases_and_their_causative_genes/14140661

2! https://doi.org/10.6084/m9.figshare.14140661

2 https://thebiogrid.org/

3 https://reactome.org/download-data
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an open-source, manually curated, and peer-reviewed pathway database. Only human PPIs

were used (see Section 2.5 for more details).

IntAct* [187] database was also used as a source for the GGA Gold Standard since it is
manually curated by experts to ensure data quality. It is a resource for molecular interaction
data, such as protein-protein, protein-DNA, and protein-RNA interactions, which are
collected from literature curation and direct user submissions. It maintains quality control
measures to ensure data reliability and works with other molecular interaction databases to
integrate and ensure consistency. IntAct includes a wide variety of species, such as humans,
rats, and mice. The platform offers easy-to-use search and analysis tools and ontology and
annotation systems are employed for organisation. It is integrated with pathway databases
and is updated regularly. Homo sapiens PPI interactions were used (For more details, see

Sections 2.5).

EFO* [254], (v3.54.0, copyright 2014), Experimental Factor Ontology, was used as a
resource for identifying the experimental techniques utilised in DGA studies. EFO was used
to develop a dictionary comprising terms related to experimental techniques, facilitating the
text-mining process for extracting such information from DGA literature. EFO is a resource
that systematically describes experimental variables across various biological domains,
encompassing several biological ontologies such as anatomical structures, disease
classifications, and chemical compounds. By standardising the representation of experimental
factors, EFO facilitates data integration, meta-analysis, and cross-study comparisons,
enabling researchers to derive new insights from aggregated data. EFO enables the discovery
of relationships between experimental factors and biological outcomes across diverse datasets
and links experimental variables to biological entities, such as genes, proteins, and
phenotypes. EFO was downloaded in Web Ontology Language (OWL) format. The ontology
was explored using the ontology editing and visualisation tool Protégé’®. The ontology parser,

Owlready2”’, was used to parse the ontology terms from the OWL file.

% https://www.ebi.ac.uk/intact/home

% https://www.ebi.ac.uk/efo/

% https://protege.stanford.edu/

" https://owlready2.readthedocs.io/en/latest/
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EDAM? [255], (version 1.25) Ontology of bioscientific data analysis and data management,
was also used as a source for DGA experimental techniques. EDAM is a structured
vocabulary designed to describe concepts and operations related to bioinformatics data
analysis and management. EDAM covers a wide range of bioinformatics topics, including
data types, formats, operations, algorithms, software tools, databases, and workflows used in
the analysis, management, and interpretation of biological data. EDAM offers a structured set
of concepts, complete with preferred terms, synonyms, and definitions. EDAM was also used
to construct the dictionary containing DGA experimental terms. EDAM was downloaded in
OWL format. The Owlready parser was employed to extract ontology terms from the OWL
file.

PubMed? [256] was used to extract the abstract from articles in DGA literature. PubMed is
an online database maintained by the NCBI. It provides access to a vast collection of citations
and abstracts from biomedical literature, including articles from scientific journals,
conference proceedings, and more. To retrieve DGA-related abstracts, the Entrez
Programming Utilities (E-utilities) API was utilised for programmatic access to PubMed. The
search was specifically tailored to articles associated with the DisGeNET database by
leveraging PubMed IDs directly sourced from DisGeNET’s curated data repositories. This
method ensured that only high-quality, manually curated studies were included, while
filtering out data from animal models and text mining sources. By using these PubMed IDs,
the search criteria were precisely restricted to abstracts linked to curated data sources within

DisGeNET, with a focus on DGAs.

The abstracts were retrieved in XML format using Python’s Bio.Entrez module from the
Biopython library. During the retrieval process, metadata such as publication date, journal
name, and article title were also captured alongside the abstracts. After retrieval, the XML
file was parsed to extract the abstracts, which were then stored in a structured text file
format. This file was used as input for subsequent text mining procedures aimed at
identifying experimental techniques described in the DGA studies. By matching terms from a
predefined dictionary of DGA experimental techniques with the text in the abstracts, these
procedures sought to systematically extract and analyse experimental methods mentioned in

the studies.

% https://edamontology.org/page...
2 https://pubmed.ncbi.nlm.nih.gov/
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PMC? [256] was used to retrieve the full articles in DGA literature to extract the method
section from the DGA experimental studies. PMC stands for PubMed Central, which is a free
digital repository that archives and provides access to full-text scholarly articles in the
biomedical and life sciences field. To retrieve these articles, PMIDs sourced from the
DisGeNET database were utilised. The PMIDs were used to identify and access the
corresponding full-text articles in PMC. The E-utilities API was employed to search for and
download the full-text articles. The requests library in Python facilitated interaction with the
API to fetch the XML files of the articles. Upon obtaining the XML files, the
xml.etree. ElementTree library was used to parse the XML structure, and BeautifulSoup
function was employed to extract the "Methods" sections from the articles. These sections are
important for understanding the experimental techniques used in the DGA studies. The
extracted method sections were then stored in a structured text file format. This file served as
input for subsequent text mining procedures aimed at identifying experimental techniques
described in the DGA studies. By matching terms from a predefined dictionary of DGA
experimental techniques with the text in the methods sections, these procedures
systematically extracted and analysed the experimental methods mentioned in the studies.
The methods section provides more detailed information about the methodologies compared

to the abstracts.

NeDRexDB?*' [48] was used to construct an integrated heterogeneous network for drug
repurposing. NedRexDB integrated data from various biomedical databases. Combining
multiple databases allows for the creation of diverse networks that represent different types of
biomedical entities (e.g., diseases, genes, drugs) and the associations between them. These

networks can be used in drug repurposing applications (For more details, see Section 2.5).

RepoDB* [257] is a standard database for drug repurposing. RepoDB contains approved and
failed drug-indication pairs. The approved indications were drawn from DrugCentral and
failed indications were drawn from the American Association of Clinical Trials Database.
RepoDB was used as a benchmark for the computational repurposing approaches employed

in this thesis.

3 https://www.ncbi.nlm.nih.gov/pmc/
31 https://nedrex.net/tutorial/intro.html
32 https://repodb.net/
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3.2 Network Integration
3.2.1 Confidence Scoring

The confidence score was calculated by scoring the datasets against the Gold Standard using
the Bayesian statistics approach developed by Lee and colleagues (see Section 2.3.3) [55],
which calculates a log-likelihood score (LLS) for each dataset (3.1):

IIs*(E) =1n (P(L|E)/ﬁP(L|E)) 3.1

P(L)/=P(L)

where, P(L|E) and —~P(L|E) represent the frequencies of associations L in dataset £ observed
and not observed in the gold standard, respectively, and P(L) and —P(L) represent the prior
expectation of associations observed and not observed in the gold standard, respectively.
Datasets that did not have a positive score or had no score were discarded. Datasets scoring

infinity were given a score of "/ + 1, where "/ is the highest LLS score.

3.2.2 Network Integration

The networks were produced by integrating the confidence scores using the weighted sum
(see Section 2.3.3) introduced by Lee and colleagues [55]. This method integrates the datasets
in the order of their confidence scores, giving a higher weighting to datasets with higher

confidence while allowing for dependencies between them (3.2):

WS =

n Li
= D(f_l) 3.2

i
Where L, is the highest confidence score, and L, is the lowest confidence score of a set of n
datasets. Division of the score by the D parameter means that, while the highest score is
integrated unchanged, subsequent weights are progressively down-weighted. With a D value
of one, the integration is a simple sum of the scores. With a higher D value, lower-ranking
scores contribute little or nothing to the integration, down-weighting low-quality data and
improving network performance. The D values were chosen based on the one that provided

the highest network performance regarding link prediction and clustering analysis (see
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Section 4.3.2). In the resulting network, highly weighted edges have high confidence (see
Sections 4.3.2.2 and 5.3.1.1).

3.3 Network Visualisation and Evaluation

3.3.1 Visualisation and Topological Analysis

Networks were visualised in Cytoscape® Version 3.8.2 [258]. The network Analyser plugin®

version 3.8.2 for Cytoscape was used to calculate the topological statistics of networks.
3.3.2 Network Clustering

The networks were clustered using the weighted Markov (MCL)*® [259]. The MCL algorithm
was chosen for its efficiency, robustness, and flexibility through the inflation parameter in
clustering large networks. The MCL algorithm divides the network into non-overlapping
clusters based on topological structures and edge weights. The inflation parameter influences
the rate at which clusters grow and merge during the clustering process. A higher inflation
value typically results in more granular clusters, whereas a lower inflation value leads to
larger, more inclusive clusters. The inflation value was chosen based on the network
performance that provides the highest average of cluster connectedness in each case ( Section
4.3.3.2 and Section 5.3.1.2). The clusters were evaluated for their connectedness and

cohesion using various similarity methods described in the next section.
3.3.3 Network Clusters Evaluation

After clustering the networks, the clusters were analysed for their connectedness and
coherence using several evaluation techniques. This section outlines the methodologies
employed to assess the clusters generated by the MCL clustering algorithm, including the

DGA clusters, disease clusters, and gene clusters.

3 https://cytoscape.org/

https://manual.cytoscape.org/en/3.7.2/Network_Analyzer.html#:~:text=NetworkAnalyzer%20computes%20a%

20comprehensive%20set,as%20the%20characteristic%20path%20length.

% https://micans.org/mcl/
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3.3.3.1 Analysis of DGA Clusters

The DGA clusters were analysed to evaluate the cohesion of the network clusters by
examining diseases and their associated genes within each cluster. The hypothesis was that
diseases closely associated with their related genes, indicated by a high confidence score
(high edge weight), would be clustered together in a single cluster. To test this hypothesis, the
average cohesion of the clusters was computed. The related genes of a disease, D(G), were

defined as the average of its associated genes [260]:

m

1
D)= —% g, 3.3
i=1

Where 7 is the total number of disease genes in the whole network, m is the total number of

disease genes in a cluster, and g is the disease genes

The related genes of a cluster C(G) are defined as the average of related genes for the cluster:

C(G) = %% D (6) 3.4
i=1

Where 7 is the total number of diseases in the cluster, and D(G) is the average of related

genes for each disease.

Finally, the average of related genes for the whole network is defined as:

NG =— § C(6) 3.5
i=1

Where 7 is the total number of clusters in the network, and C(G) is the average of related

genes for each cluster (see Section 4.3.3.2).

3.3.3.2 Analysis of Disease Clusters

The disease clusters were analysed using four similarity measures: disease semantic

similarity, genetic similarity, gene semantic similarity and disease treatment similarity. All
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these methods were adapted from [260]. Disease cluster analysis was used to assess network

performances (see Section 5.3.2.3).

A. Correlation analysis of disease clusters with disease genetic network

Correlation analysis was conducted between the disease clusters and the disease genetic
network using the method introduced in [260]. A weighted human genetic network (HDN)
was constructed using GWASCAT?® [222] and GWASDB?? [190]. In this network, diseases
are represented as nodes and an edge is added between two diseases if they share common
genes. The weight of each edge indicates the number of common genes between the
connected diseases. Using the genetic information in HDN, the pairwise shared genes were
calculated within each disease cluster of the disease-disease similarity network obtained from
the weighted MCL clustering algorithm. The shared genes of a cluster, denoted as C(G), are

defined as the average of pairwise shared genes, as shown in Equation 3.6:

C®=-— T  g(d1,d2) 3.6
dl1+#d2,d1,d2eD

Where d,, d, are pairwise diseases in the cluster, g(d1,d2) is shared genes between d1 and d2,
D is the disease node set in each cluster and m is the number of total pairwise diseases in each

cluster.

B. Correlation analysis of disease clusters with disease treatment network

To compute the shared drugs of a cluster of the disease-disease similarity network, first, a
DrDI network based on DrugCentral®® (downloaded database dump 11/01/2022, Postgres
v14.4) [220] and CTD* (downloaded May 30 2022) [261] was constructed. In the DDN
network, diseases are represented as nodes and an edge is added between two diseases if they
share common drugs. The weight of each edge indicates the number of common drugs
between the connected diseases. Pairwise shared drugs, in a cluster of disease-disease
similarity network, were calculated based on the DrDIN and share drugs of a cluster C(D) are

defined as the average of pairwise shared drugs in Equation 3.7:

% https://www.ebi.ac.uk/gwas/

3 https://maayanlab.cloud/Harmonizome/resource/GWASdb
3 https://drugcentral.org/

39 https://ctdbase.org/
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cD)y=-— %  g(d1,d2) 3.7
d1#d2, d1,d2eD
where d1,d2 are pairwise diseases in a cluster, d(d1,d2) are shared drugs between d1 and d2,
D is the disease node set in each cluster and m is the number of total pairwise diseases in each

cluster.

C. Correlation analysis of disease clusters with disease semantic network

Disease ontology® (DO) [262] was used for computing the disease semantic similarity of
pairwise disease in a cluster of the disease-disease similarity network. The semantic
similarity between pairs of diseases, sim(d1, d2), was computed using the DOSE (Disease
Ontology Semantic and Enrichment analysis, version 3.28.2)* [263], Bioconductor R
package version 3.18, which computes semantic similarity among DO terms. Semantic
similarity of a cluster C(SIM) is computed as the average of pairwise disease semantic
similarity as shown in Equation 3.8

CSIM=— 3 sim(dl,d2) 3.8
dl1#d2,d1,d2eD

where d1, d2 are pairwise diseases in a cluster, sim(d1,d2) is the semantic similarity between

dl and d2, D is the disease node set in each cluster and m is the number of total pairwise

diseases in each cluster.

D. Correlation analysis of disease clusters with gene semantic network

To compute the gene semantic similarity within disease clusters, the set of genes associated
with the diseases contained in each cluster of the disease-disease similarity network was
identified (see Section 5.3.2.3). Gene Ontology (GO)*[264] was then utilised to compute the
semantic similarity between pairs of genes within the related genes set for each cluster. The
semantic similarity between pairs of genes, sim(gl, g2), was computed using the R

Bioconductor package(version 3.18)-GOSemSim (version 2.28.1) [265], for semantic

0 https://disease-ontology.org/
1 https://bioconductor.org/packages/release/bioc/html/DOSE.html
2 https://geneontology.org/
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similarity computation among GO terms. Semantic similarity of a cluster C(S/M) is computed

as the average of pairwise gene semantic similarity in Equation 3.9:

CSIM)=— 3 sim(gl,g2) 3.9
gl#g2,91,92eG

where gl,g2 are pairwise common genes in a cluster, sim(gl,g2) is the semantic similarity
between g/ and g2, G is the disease node set in each cluster and m is the number of total

pairwise genes in each cluster (see Section 5.3.2.3).

E. Comparing Disease Clusters with Random Networks

The disease clusters were compared with random networks in terms of shared genes, shared
drugs, and disease semantic and gene semantic similarities. A random network was
constructed to have the same network structure as the original, with the preservation of node
numbers, edge numbers, and network degree distribution in the original network [266], [267].
The nodes, the edges and the edge weights were randomly shuftled. The configuration model
was used to create the random network that has the same structure as the original network.
The node degrees were preserved by assigning and randomly pairing stubs to form edges
between two sets of nodes: diseases and genes. Edge weights were maintained by shuftling
them among the newly formed edges. One hundred random networks were generated and
average shared genes, shared drugs, disease semantic, and gene semantic similarities within

each cluster were computed for each network.

3.3.3.3 Analysis of Gene Clusters

The gene clusters were evaluated using the functional enrichment analysis [268]. The
functional enrichment analysis aims to identify GO terms associated with MF, BP, and CC
contexts, which were significantly overrepresented by the genes within a cluster of the
gene-gene interaction network (see Section 5.3.2.2). This analysis utilised the R package
BioStats® version 3.18 [269]. The statistical significance of a GO term within a cluster was
determined using a hypergeometric test, which evaluated its overrepresentation compared to
what would be expected by chance. A functionally enriched cluster indicates that the

observed number of genes annotated with a particular function (GO term) exceeds the

3 https://bioconductor.org/packages/release/bioc/html/GOstats.html
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expected number based on the reference list of all human genes. The expected value for a
function is calculated as the number of genes with that specific function within the given
cluster, relative to the entire list that exists in the curated DGA data sources in DisGeNET

[141].

The gene clusters were evaluated using functional homogeneity, heterogeneity and specificity
measures introduced by Kaalia and colleagues [135]. The p-value was determined by
considering the odds ratio and the threshold of 0.0001 gave the maximum modularity with
the highest odds ratio of the GO terms. The enriched functions were then ranked based on
their significance levels. Subsequently, the enriched functions across all clusters were

compiled into a set denoted as F.

The functional homogeneity (H) of a cluster is defined as the homogeneity of maximally
enriched function in the cluster [135]. Functional homogeneity measures the functional
coherence of the clusters while functional heterogeneity indicates how exclusive the clusters
are for the function across all gene clusters [135]. The functional specificity value measures
how exclusively the cluster is enriched by the specific biological function [135]. To measure
the functional homogeneity of a cluster concerning a specific function, the proportion of
genes annotated by that function within the total gene count of the cluster was calculated. The
homogeneity of a function ' € F' within a cluster was determined by the fraction of clusters
where the function f' € F' was found to be enriched. The functional homogeneity is computed

in equation 3.10:

homogeneity = % 3.10

where £, is the number of genes annotated by the function f'and N is the total number of genes
in the cluster. The functional heterogeneity of a cluster is defined as the proportion of the

cluster where the function £ & F'is enriched. That is,

heterogeneity = % 3.11
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Where £, is the number of clusters enriched with the function f'and K is the total number of

clusters. Finally, the functional specificity for an enriched function is defined as follows:

1
heterogeneity

Specificity = homogeneity + 3.12

3.3.4 Link Prediction

The link prediction technique was employed to assess the performance of the networks (
Section 4.3.3.1 and 5.3.1.2). The Jaccard Index (JI) was specifically utilised for predicting
new links between diseases and genes [270]. JI considers the degree of nodes in a network
and represents a normalised version of the Common Neighbours algorithm [271]. The JI was
selected because it yielded better performance in predicting network links compared to the
other four neighbourhood algorithms. Additionally, JI takes into account the degree of nodes
within a network and provides a normalised version of the common neighbours algorithm
[271]. The normalisation ensures that similarity scores are based on shared neighbours rather
than solely on node degree. Since the networks are weighted and bipartite, the modified
version of the JI, which is tailored for a weighted bipartite network, was employed using the

following formula [270]:

]I(X, y) — Z max i€(T(X)NT(Y)){w(x)+w(zi)}Hw(y.z) 3.13
z€s()Ns(y) ¥ max jeT)NT (@) {wx)+w(@aNi+ ¥ w(by)
a€es(x) bes(y)

Where s(x) represents x’s second neighbours where x is a gene node. This leads to a set of
genes. s(y) represents y’s direct neighbours where y is a disease node. This leads to a set of
genes. I (x) is the set of neighbours of a node x. I (y) is the set of neighbours of a node y in
the network, and (x, y) is the link weight between nodes x and y. Since this network is

bipartite, nodes x and z are at the same part of the network, and there cannot be any direct
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link between x and z. Therefore, the 2-length path from x to z through their common

neighbour i, which yields the maximum sum of weights, is used instead of w (x, z ).

Ten-fold cross-validation was employed to assess the network performance [272], [273]. This
method was chosen because the link prediction task can be computationally intensive,
particularly for bipartite weighted networks with large sizes. The network was randomly
partitioned into ten subsets, each containing approximately an equal number of DGAs. In
each iteration, the JI was applied to nine subsets while using the remaining subset as the test
data to validate the accuracy of the predicted links. This process was repeated ten times, and
the sensitivity and specificity calculated from each iteration were averaged to produce a final
score [272]. The Receiver-operating characteristic curve was used to evaluate the
performance network link prediction [274]. The standard error (SE) of the AUC was
estimated using the aucSE() function from version 1.0.0 of the auctestr package in R, which

leverages its equivalence to the Wilcoxon statistic.

3.4 Confidence Score for Disease-Gene Associations Developed by DisGeNET

DisGeNET developed a confidence score for DGAs (see Sections 2.3 and 2.4.1.2). The
DisGeNET score (S) for DGAs is determined by a formula that includes contributions from
various sources[141]:

S=C+M+I+L 3.14
Where:

0.6 if Nsources; > 2
0.5 Zf Nsourcesi =2
0.3 Zf Nsourcesi =1
0  otherwise

Where Nsourcesi represents the number of curated sources supporting a DGA, 1 € CGlI,

ClinGen, Genomic England, CTD, PsyGeNET, Orphanet, and UniProt.

M = 0.2 Zf Nsou‘rces]— >0
0 otherwise
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Where M accounts for the support from animal models, and j] & RGD, MGD, and CTD.

I — 01 /l’f NSOUT’CGSk > O
0 otherwise

where I represent the number of inferred sources supporting a DGA and k & HPO, ClinVar,
GWASCat, and GWASDB.

I - 0.1 if Npubs > 9
Npubs ¥ 0.01  @f Npyps <9

where L represents the number of publications supporting aDGA and Npubs & LHGDN and
BeFree.

3.5 Text Mining Techniques

This section outlines the text mining techniques used to extract the experimental techniques
employed in the DGA experimental studies from biomedical literature obtained from

PubMed and PMC ( Section 5.3.3.2).
3.5.1 Parsing Abstract and Method Sections from DGA Articles

The XML files of DGA articles were retrieved from PubMed and PMC using the Entrez
Programming Ultilities (EUtils)** provided by NCBI. The efetch function from the Bio.Entrez
module, part of the Biopython package, was utilised to download the articles in XML format.
The process involved setting the Entrez.email parameter to identify the user to NCBI, and
defining a function to fetch XML data by calling Entrez.efetch with a batch of PMIDs. The
list of PMIDs was divided into smaller batches to efficiently manage large datasets. For each
batch, the efetch function was called to retrieve the XML data, which was then processed
using BeautifulSoup to parse the XML. The Beautiful Soup” Python version 14.12.0 was used
to parse XML files of DGA articles retrieved from PubMed and PMC. From these files, both

* https://www.ncbi.nlm.nih.gov/books/NBK25500/
* https://beautiful-soup-4.readthedocs.io/en/latest/
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the abstract and method sections of each article were extracted. The method section provides
more details about the experimental techniques employed in the study to explore DGAs

compared to the Abstract section.
3.5.2 Parsing EFO and EDAM Ontologies

Experimental terms from the EFO and EDAM ontologies were extracted to construct a DGA
experiment dictionary. The Protege® version 5.6.1 ontology browser was used to identify the
relevant branches related to DGA experimental techniques within the ontologies containing
these experimental terms. Experimental terms from the EFO and EDAM owl! files were
parsed using Owlready2? version 0.46 ontology parser. These ontologies include
equivalent terms with different names. For instance, polymerase chain reaction' appears
under different labels such as 'PCR' in EFO and 'PCR experiment' in EDAM. Synonym
matching between the EDAM and EFO ontologies was carried out by first extracting lists of
terms and their associated synonyms from both ontologies. Synonyms were identified in the
metadata of the ontologies using properties like obolnOwl:hasExactSynonym in both EFO
and EDAM. Once the synonym lists were compiled, they were compared directly between
the two ontologies. If a synonym in EDAM exactly matched a synonym or primary term in
EFO, these terms were mapped as equivalents. For example, the term 'PCR' in EFO and 'PCR
experiment' in EDAM, where 'polymerase chain reaction' is listed as a synonym, were
mapped as equivalents due to the shared synonym. To ensure accuracy and relevance, a
manual review of a sample of these mappings was performed, which is critical for

constructing a reliable dictionary.
3.5.3 Clustering DGA Experimental Studies Based on Their Experimental Techniques

Experimental techniques employed in DGA studies were extracted from DGA articles using
terms combined from both the EFO and the EDAM. A binary similarity matrix was
constructed, where rows represent studies and columns represent experimental terms. A value
of one indicates the presence of a term in a study, while zero indicates its absence. Equivalent
terms with different expressions were unified into standardised synonyms using the synonym
list ( Section 3.1). The hierarchical clustering dendrogram [275] was then applied to group

these studies based on their experimental terms. The hierarchical clustering was performed

* https://protege.stanford.edu/
" https://owlready2.readthedocs.io/en/latest/
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using the Scipy package (version 1.11.4). Hamming distance was chosen to measure the
distance between two vectors of experimental terms due to its suitability for binary clustering,
aligning with the binary representation of our data [276]. The distance between clusters was
computed using Ward's method due to its highest cophenetic correlation coefticient (CPCC)
[277]. The distance threshold was selected based on maximising the Silhouette Score [278],
effectively minimising the distance within clusters while maximising the distance between

them.
3.5.3.1 Hierarchical Clustering Dendrogram Validation

The CPCC was used to choose the optimal linkage method for the hierarchical clustering
[277], [279]. The CPCC measures the quality of a hierarchical cluster by assessing how well
the dendrogram preserves the original pairwise distances between data points. A high CPCC
indicates that the dendrogram accurately represents these distances, ensuring a more reliable
clustering outcome. Conversely, a low CPCC suggests that the dendrogram poorly represents
the original distances, leading to less reliable and potentially misleading clustering results.
The Silhouette score was used to choose the optimal distance threshold [278]. Silhouette
score is used to calculate the goodness of a clustering technique. The silhouette score
evaluates clustering quality by measuring both cohesion (how close points are within a
cluster) and separation (how distinct clusters are from each other). It ranges from -1 to 1, with
higher scores indicating well-defined and well-separated clusters. A high silhouette score

signifies accurate and meaningful clustering.

3.6 Graph Neural Network

This section outlines the techniques used in Chapter 6 to build and evaluate the GNN models
for link prediction in drug repurposing applications ( Section 6.3.3).

3.6.1 Encoder

The encoder was used to generate node embeddings. The encoder included two layers of
GraphSAGE ( Section 2.6) [280]. The GraphSAGE model was chosen because it is effective
in handling large graphs and achieving good generalisation performance for inductive
learning on graph-structured data. Since there are two of these layers, final embeddings are

generated using the 2-hop neighbourhood as shown in equation 3.15:
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hk = o(W* MEAN ({RE~Y} U {hE~L,vu e NW)})) 315

Where A} is the embedding of node v at layer k, W*is the weights learnable matrix of a layer,
N(v) the neighbour sampler function, 4, is the embedding of the neighbour nodes of v, and

o(x) the nonlinearity function, & is the number of layers, the aggregator function is the

,Vu € N(v)}

MEAN operator, the aggregated neighbourhood vector AGG= ™ and the

updated embedding is W*MEAN({hs™1}U AGG

3.6.2 Decoder
The decoder was used to calculate the probability of an edge existing between a disease and a
drug. To compute it, the sigmoid function was applied to the dot product of the embeddings,

represented in Equation 3.16:

3.16
PS = o(X.YT)

Where PS is the probability score of the predicted edge between a disorder and a drug, X is
the disorder embedding vector, ¥” is the transpose of the drug embedding vector and o(x) the

sigmoid function.

3.6.3 Loss Function

During the training phase, the models’ parameters were adjusted using the Binary Cross
Entropy with Logit Loss (BCELogitLoss) as the loss function. The BCELogitLoss was
chosen because the drug repurposing task was framed as a link prediction problem between
drugs and diseases. Since this problem is a binary classification task, where it is predicted
whether a link exists between a drug and a disease, the Logit loss function is well-suited. The

loss function is computed as it can be seen in equation 3.17:

Wz,y)=L={l,...,Ix}", 3.17
In = —yn @ logo(zn)+(1 — yn)e log(1 — o(zn))]

X, represents the prediction made by the model, while y, indicates the true label, which
determines whether the edge exists or not.
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3.6.4 Evaluation Metrics

The evaluation metrics for assessing the GNN model were the area under the receiver
operating characteristic (ROC) curve (AUCROC) [274], the area under the precision-recall
(PR) curve (AUCPR) [281], and the accuracy (ACC). AUCROC evaluates the trade-off
between the true positive rate (TPR) (3.18), also known as Sensitivity, and the false positive
rate (FPR) (3.19), calculated as 1—Specificity, across different decision thresholds. TPR, or
sensitivity, measures the proportion of true positives out of all actual positives, while FPR
measures the proportion of false positives out of all actual negatives. AUCPR quantifies the
trade-off between precision and recall across various decision thresholds. Precision (3.20),
also known as positive predictive value, assesses the proportion of true positives out of all
predicted positives. Accuracy measures the proportion of correctly classified instances among

all instances (3.21). The formulas for these metrics are as follows:

TPR = Recall = Sensitivity = TPZPTN 3.18
FPR = 1 — Specificity = TNFfFP 3.19
Precision = TPTFP 3.20

ACC = TP+77:11\DI—I-|:?I\3]+FN 3.21

Where TP, TN, FP, FN means true positive, true negative, false positive and false negative

respectively.

3.7 Identifier Standardisation

In DisGeNET, genes are annotated with the official gene symbols from the NCBI, while
diseases are characterised using Concept Unique Identifiers (CUIs) sourced from the Unified
Medical Language System® (UMLS) Metathesaurus® (version UMLS 2019AA). Given that
various data sources of gene-disease associations may employ different disease vocabularies,
the initial step before constructing disease-gene PFINs involves establishing a standardised

representation for both genes and diseases. Determining an optimal disease representation is
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not a straightforward endeavour due to the existence of numerous competing disease
classifications and ontologies. These classifications serve diverse purposes and often lack

integration, resulting in inconsistencies across systems.

For disease identifier mapping, OMIM disease identifiers were mapped to UMLS. Different
identifier mappers were employed for identifier mapping, including DO cross-referencing®®
[262], Mondo disease ontology equivalent*’ [282], and the UMLS Metathesaurus [283]. The
UMLS disease identifiers were mapped to DO identifiers using DO cross-referencing.
Similarly, to ensure consistency in gene representation, gene identifiers, in the monogenic
data source, were mapped to NCBI gene identifiers. Ensembl gene identifiers were mapped to
NCBI gene identifiers using the cross references from HGNC?. Additionally, gene
identifiers, from the Reactome database, were mapped to NCBI gene identifiers using the

UniProt Mapping service’'.

8 https://disease-ontology.org/about/cross_references
49

https://mondo.monarchinitiative.org/#:~:text=the%20mondo%2Dwith%2Dequivalent%20edition,%2C%20HP%
2C%20R0%2C%20NCBITaxon.

* https://www.genenames.org/

*1 https://www.uniprot.org/id-mapping
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Chapter 4

Investigating the Applicability of Probabilistic Functional Integrated Networks
to Disease-Gene Networks

4.1 Introduction

Existing DGA networks contain high level of noise, and current methods for DGA network
integration fail to produce accurate DGA networks [104], [211], [284], [285], [286], [287],
[288] (Section 2.4.1.2). PFINs offer a powerful technique for reducing noise during network
integration (Section 2.3.3) [55], [56], [59], [86], [90], [289], [290]. The main aim of this
study was to investigate the applicability of the PFIN approach to DGA networks. While
PFINs have been widely applied to PPI networks, several challenges arise when applying this
approach to bipartite DGA networks (for a detailed discussion of these challenges, see
Section 2.4.1.2). Therefore, to test the applicability of the PFIN approach for predicting

associations between genes and diseases, several tasks needed to be investigated:

1. To research and develop strategies to identify appropriate gold standard data for
DGA:s.

2. To research and develop strategies to identify appropriate individual datasets to
represent DGAs to be scored against the Gold Standard data and then integrated
into a network.

3. To research and develop appropriate robust evaluation techniques for assessing the

performance of resulting PFIN.

To build PFINs in DGAs, two main components need to be identified: gold standard data and
individual datasets. In Section 4.3.1 of this chapter, various strategies for identifying gold
standard data and individual datasets for DGAs are presented, as outlined in Objective one
(Section 1.2). Next, the focus is placed on network integration in Section 4.3.2, including the
processes of dataset scoring and integration. Finally, the evaluation of the networks
constructed in Section 4.3.2 is described in Section 4.3.3, addressing Objective 2 (Section
1.2). These sections collectively aim to establish a comprehensive framework for developing

and assessing robust DGA PFINSs.
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4.2 Source Data

DisGeNET A large number of data sources has been developed to store DGAs ( Section 2.5).
In this chapter, DisGeNET 2021-v7.0 was chosen as the data source (Section 3.1) [141]. In
the work reported in this chapter, only curated data sources from DisGeNET were used [116].
Figure 4.1 shows the numbers of unique genes, diseases, DGAs, and evidence in each curated
data source. “Evidence” refers to the PubMed ID* that identifies the individual experimental

study which generated the corresponding DGA. The CGI does not list PubMed IDs.
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Figure 4.1. The total numbers of unique genes, diseases, associations, and evidence in each curated data source.
CTD_human has the highest number of genes, diseases, and associations, whereas the lowest number of diseases is
from PSYGENNET.

OMIM The Online Mendelian Inheritance in Man (OMIM) database®® [88] was used as an
external gold standard to score DGAs from DisGeNET (Section 3.1).

Monogenic Diseases: Monogenic experimental studies [252] (Section 3.1) were also used as
an external gold standard to score DGAs from DisGeNET, given the well-established

relationship between monogenic diseases and their associated genes [291].

%2 https://pubmed.ncbi.nlm.nih.gov/
** https://www.omim.org/
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4.3 Results and Discussion

4.3.1 Identification of Gold Standard Data and Individual Datasets for Disease-Gene
Associations

In order to build a DGA PFIN, two main components are required: individual datasets which
represent independent evidence of DGAs, and gold standard data which contains high
confidence set of DGAs ( Section 2.3.2 for more details about gold standard data) [292],
[293], [294], [295]. It has been shown that the changes in the gold standard data and
individual datasets used considerably impact the quality and the performance of the PFINs
[192]. Therefore, choosing the gold standard data and the individual datasets is an important
step in the construction of the PFINs. The gold standard must be of high confidence and
reliability, accurately reflecting true DGAs, and up to date.

Most of the available DGA data sources were designed for the investigation of a specific
disease or group of related diseases. For example, the ORPHANET** database was
specifically created for rare diseases, the CGI database is intended to assist in identifying
genetic alterations in tumours that are responsible for the disease, and the PSYGENET>
database is a resource for psychiatric diseases and their associated genes. These data sources
may have a low overlap with a gold standard, as they may focus on a set of diseases which is
not in the gold standard. Therefore, it is necessary to search for and develop appropriate
strategies to define suitable gold standards and individual datasets which represent separate
evidence of DGAs. Due to the lack of identification of accurate, high-coverage gold standard
data for DGAs, different approaches based on different strategies were developed to generate
the gold standard data and the individual datasets and compared to investigate which of these
proposed approaches be were suitable for identifying the gold standard data and the

individual datasets.

The gold standard data were chosen both internally and externally (Section 2.3.2). In the
external gold standard-based approach, the gold standard was chosen from a separate

high-quality data source different from the individual datasets to be scored. In the internal

4 https://www.orpha.net/consor/cgi-bin/index.php

%5 http://www.psygenet.org/web/PsyGeNET/menu;jsessionid=16qc59g1ueuxolsryh9w9dmkih

84


http://www.psygenet.org/web/PsyGeNET/menu;jsessionid=16qc59g1ueuxo1sryh9w9dmkih
https://www.orpha.net/consor/cgi-bin/index.php

Chapter 4: Investigating the Applicability of Probabilistic Functional Integrated Networks to
Disease-Gene Networks

gold standard-based approach, the gold standard and the individual datasets to be scored
come from a single data source. In this chapter, the two approaches were investigated to
determine the most suitable approach to building the bipartite DGA PFIN. In the internal gold
standard-based approach, the gold standard and the individual datasets to be scored were both
generated from DisGeNET based on individual experimental studies or data sources. Using
the external gold standard-based approach, the gold standard was chosen from a database
separate from DisGeNET, specifically the OMIM database and the monogenic experimental
studies. Two distinct approaches were used to identify both the gold standard data and the
individual datasets for comparison. One approach was based on curated data sources in
DisGeNET, while the other was based on individual experimental studies in DisGeNET.
Therefore, the DisGeNET database was subdivided into two levels: by data source; and by
individual study.

In this thesis, the term "gold standard" refers to high-quality and reliable data that serve as a
benchmark for evaluating the quality of datasets. The term "individual datasets" refers to the
distinct datasets that represent a set of DGAs, which are scored against the gold standard data
and subsequently integrated into a network to produce PFINs. The term "data source" refers
to a single curated data source within the DisGeNET database. The term "individual
experimental study" refers to a single DGA experimental study documented in DisGeNET,
identified by its unique PubMed ID. In the individual experimental study-based approach, a
single DGA experimental study is used to represent the individual dataset, whereas in the
data source-based approach, a single curated data source is employed to represent the

individual datasets.

4.3.1.1 Data Source-Based Approach to Identifying the Gold Standards and the Datasets

Two approaches were used to identify the gold standard and the individual datasets based on
the data source. One approach utilised an internal gold standard from DisGeNET, the
UNIPROT database. The other approach relied on an external gold standard distinct from
DisGeNET, the OMIM database. In the internal approach, DisGeNET was divided into
several subsets according to the original data sources from which DisGeNET acquired the
data, including CTD_human, PSYGENET, UNIPROT, ORPHANET,
GENOMICS ENGLAND, CLINGEN, and CGI. Among these curated data sources, one was
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chosen as the gold standard, while the remaining curated data sources were employed as
separate individual datasets; each data source represented one dataset. Figure 4.2 shows the
overview of the Data Source-Based approach to identifying the gold standards and the

individual datasets.

Split By Data
Mﬁ =

Internal GS Approach

PSYGENET
UNIPROT
ORPHANET
GENOMICS_ENGLAND
CLINGEN
CGI

External GS Approach

Curated Data

Curated Data
Sources

UNIPROT Scored Curated Data Sources Network (UNIPROT_CDS) | |OMIM Scored Curated Data Sources Network (OMIM_CDS)

AR LR

Figure 4.2. Data source-based gold standard approach. DisGeNET was split by source, using UNIPROT (internal) or
OMIM (external) as gold standards. The remaining curated sources from DisGeNET served as individual datasets. Blue

indicates gold standards; pink shows individual datasets.

As DisGeNET comprises multiple manually-curated data sources, there is a possibility of
these sources curating the same studies. In the the PFIN approach, the gold standard and
individual datasets must be independent to prevent any biases that can arise from duplicate
data in different data sources. Duplicating data between the gold standard and the individual
datasets will lead to an overlap between the individual datasets and the gold standard,
introducing bias into the resulting scores of the individual datasets. Moreover, duplicating
data within individual datasets may bias the integrated scores by integrating the same
evidence multiple times. Such redundancy can skew the network and give excessive weight
to edges supported by duplicated evidence. Consequently, the initial step in constructing a
PFIN involves eliminating redundancy among data sources, ensuring that each DGA within

an experimental study is uniquely represented within a single data source. Duplicate studies
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were identified by matching PMIDs>®, A PMID (PubMed Identifier) is a unique number
assigned to each entry in the PubMed database of life sciences and biomedical literature, used
to reference specific studies. If duplicate DGAs were found within the same PMID, one
instance of these DGAs was kept in a dataset at random, and the other duplicates were
discarded. For example, the DGA “Leigh syndrome, LRPPRC” from study PMID 12529507
is present in  UNIPROT, CTD_human, ORPHANET, CLINVAR, and
GENOMICS ENGLAND. Since this DGA is duplicated across these data sources, it was

removed from all but one, with the retained instance chosen at random.

To identify the optimal strategy for addressing redundancy, an investigation into the
duplication of studies across the seven data sources was conducted. Situations were identified
in which multiple data sources contained identical studies. For example, UNIPROT and
GENOMICS ENGLAND had 1,050 overlapping studies (PMIDs), while UNIPROT and
PSYGENET had 1,048 overlapping studies. Figure 4.3. A shows the overlap among the data
sources in the experimental studies. However, instances were identified in which one data
source contained more DGAs from a specific study than another. If study A was present in
two data sources, each data source held a distinct subset of DGAs from that study. For
example, PMD 17994018 was present in GENOMICS ENGLAND and CTD_human. Each
data source held a distinct subset of DGAs. GENOMICS ENGLAND included {(A4ortic
Aneurysm Familial Thoracic 6, ACTA2), (Multisystemic smooth muscle dysfunction
syndrome, ACTA2), (Moyamoya disease 5, ACTA2)} and CTD human included {(A4ortic
Aneurysm Thoracoabdominal, ACTA2), (Aortic Aneurysm Thoracic, ACTA2)}. This
discrepancy could be attributed to differing curation strategies among different curated data
sources ( Section 2.5). In such cases, the strategy for removing redundancy must operate at
the Data Source-Study-DGA level, rather than solely at the Data Source-Study level. For
instance, UNIPROT and GENOMIC ENGLAND contained some identical studies, but each
data source incorporated distinct subsets of DGAs originating from these studies. Figure
4.3.B shows the extent of duplicate data among data sources concerning DGAs from specific

studies.

%6 https://pubmed.ncbi.nlm.nih.gov/
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Figure 4.3. A. Overlap between curated data sources in terms of experimental studies. B. Overlap between data sources in
terms of DGAs generated by particular experimental studies.

It was found that 16,193 studies had multiple association types for the same DGAs, either
within a single data source or across different data sources. This situation often arose due to
the use of various experimental methods within a single study to investigate the same DGAs.
A single study might employ two different experimental methods to examine the same DGA,
with each experiment providing distinct lines of evidence for that DGA. In such cases, the
strategy for removing redundancy must work at the Data Source-Study-Association
Type-DGA level, rather than solely at the Data Source-Study-DGA level. For example, the
DGA (Noonan Syndrome, RAF1) from study PMID 17603483 is present in two data sources:
UNIPROT and GENOMICS ENGLAND. In UNIPROT, the association type is listed as
‘Genetic Variation,” while in GENOMICS ENGLAND, it is categorised as ‘Biomarker’.

However, this is not the case in DisGeNET. The association types are assigned by DisGeNET
using the DisGeNET association type ontology, and by going back to the original data

sources it was found that no information was provided regarding association types.

88



Chapter 4: Investigating the Applicability of Probabilistic Functional Integrated Networks to
Disease-Gene Networks

Additionally, by investigating the DisGeNET association type ontology, it was discovered
that the annotations to all the association types are children of the same parent, which is
“biomarker”. Therefore, the association type does not provide a separate line of evidence for
DGAs. Removing redundancy was done at the Data Source-Study-DGA level rather than
solely at the Data Source-Study-Association type-DGA level. To eliminate redundant data, a
random selection process was employed among data sources. Each DGA generated by a
particular study is retained in only one data source. For instance, if three data sources contain
the same DGA from the same study, the DGA is randomly removed from two of those data

sources, ensuring that it exists in only one source.

UniProt Database: An investigation was conducted on each of the curated data sources
within DisGeNET to assess their suitability as a gold standard. Each data source was
sequentially chosen as the gold standard, and the remaining curated data sources were scored
against this gold standard using the Bayesian statistics approach developed by Lee et al.,
which calculates a log-likelihood score for each dataset (Equation 3.1) [55]. These scored
data sources were then ranked based on their confidence scores. When each curated data
source was considered as the gold standard, UNIPROT consistently ranked first in most
instances (Table 4.1). Consequently, the decision was made to use the UNIPROT data source
as the gold standard, with the remaining curated data sources (CTD_human, PSYGENET,
ORPHANET, GENOMICS ENGLAND, CLINGEN, and CGI) designated as individual

datasets.

OMIM Database: The OMIM database was also used as an external gold standard for scoring
the curated data sources within DisGeNET . OMIM is not included in DisGeNET. Utilising
an external gold standard led to several challenges during scoring and integration. Firstly,
there is a risk of data redundancy because different databases might contain identical studies.
It is necessary to eliminate duplicate data between the gold standard (OMIM database) and
the individual datasets (the curated data sources from DisGeNET) before scoring. This step is
essential, due to the distinct curation strategies employed by each data source, which may
result in the presence of duplicate data between the OMIM database and the original data

sources from which DisGeNET is derived. There might also be differences in identifier
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formats, requiring mapping between the gold standard and the individual datasets before

scoring.

Table 4.1. LLS score for each test dataset when altering the gold standard. After applying the LLS method and alternating
the gold standard, gold standard (left column), we see how every other dataset, the test dataset (top row), performs in terms
of identifying the ‘knowns’ captured in the gold standard. Performance is measured using the LLS score, which is shown.

The highest LLS scores are represented in bold. The number in parentheses represents the rank.

Individual datasets
Gold UNIPROT | GENOMICS_ | CLINGEN | CTD_human | ORPHANET | PSYGENET | CGI
Standard ENGLAND

UNIPROT - 14.50 (1) 13 78(2) 12.40(4) 13.35(3) T.AR(6) Q.97
(5}

GENOMICS | 1402 (1) - 12.26(3) 11.49 (4} 1258 (2) B2 (B) 124
ENGLAND i5)

CLINGEN 18.35(1) 15.13(3) - 14.700(4) 15.20(2) lost 13.15
i3}

CTD _human 11.41 (1) 10,46 (4) 10,47 (3) - 10.54(2) losl 9,59
(5)

ORPHANET 14.70 (1) 13.92(2) 13.04 (3) 2.05(3) . lost 11.65
(4}

PSYGENET 9.239 (1) TA45(2) lost lost lost - lost

CGl 1287(4) | 13.65(2) | 14.80(1) | 12.87(4) 13.53 (3) lost B

Since OMIM uses OMIM identifiers for diseases and DisGeNET uses UMLS for disease
identifiers, the process of identifier mapping for diseases between UMLS and OMIM was
executed using the Metathesaurus ( Section 3.7). However, it is important to note that
approximately 2,476 diseases, 1,740 genes, and 2,772 associations in the OMIM database
could not be mapped to DisGeNET. Various methods for identifier mapping were explored (
Section 3.7). The Disease Ontology (DO), which cross-maps to UMLS and provides
extensive cross-referencing, was used. However, it produced only limited mapping, with only
94 terms from OMIM to UMLS (1.21% mapped using DO cross-referencing). In contrast, the
Mondo ontology had 6,324 terms between OMIM and UMLS, achieving a 65% mapping
rate. The UMLS Metathesaurus contained 95,421 terms, with 66% mapped from UMLS to
OMIM. These results suggested that the Mondo ontology and the UMLS Metathesaurus
offered the most effective identifier mapping between OMIM and UMLS. The gold standard
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might have poor overlap with the datasets due to differing focuses, since both the gold

standard and the datasets originated from distinct sources.

DisGeNET was also subdivided into individual experimental studies to identify the gold
standard and the individual datasets. The next section reports the investigation into the
utilisation of the individual experimental study-based approach to define the gold standard

and the individual datasets.

4.3.1.2 Individual Experimental Study-Based Approach for Identifying the Gold Standards
and the Datasets
In this section, different strategies were investigated to define the gold standard and the
individual datasets based on individual experimental studies. A PMID" was used to identify
these studies. Each PMID indicates a single study designed to investigate either a single
disease and its related genes or a group of related diseases and their genes. In the individual
experimental study-based approach, the manually curated DGAs from DisGeNET were
divided by PMID into individual experimental studies to identify DGAs produced by different
experimental studies. The gold standards were identified both externally and internally. In the
internal approach, the individual experimental studies from DisGeNET were subdivided by
experimental scale level, experimental confidence level, and experimental curation level to
identify the gold standards and the individual datasets. In the external approach, all the
individual experimental studies were used as the individual datasets, with OMIM and
Monogenic experimental studies used as the gold standards. Figure 4.4 shows an overview of
the individual experimental study-based approach for identifying the gold standards and the

individual datasets.

Experimental Scale Level: Data generated by LTP experimental techniques can be
considered to be of high confidence, and can be used to assess data quality [57], [90]. Data
generated by HTP experimental techniques are noisy and contain a high proportion of false
results [296]. Therefore, LTP studies can be used as gold standard data to estimate the quality
of HTP studies. For example, in PPI PFINs, small-scale LTP interactions, considered to be
high quality, were used as a gold standard to assess the quality of the HTP studies [57], [90].

For instance, the LTP interactions from BioGRID were used to score the quality of the HTP
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studies in PPIs [50], [57], [90]. It has been shown that using LTP studies to score HTP studies
produces improved performance compared to the use of an external gold standard [57]. This
method, which tends to generate both gold standard and datasets from one single curated data
source, produced more significant results than using an external gold standard [57]. The scale
of the experimental studies was used previously to identify the gold standard and the
individual PPI datasets [57], [90]. The experimental scale has been used to distinguish
between LTP and HTP datasets, and a 100 interaction cut-off was used to split the
experimental studies from the BioGRID database into LTP studies and HTP studies [50], [57],
[86], [90]. However, applying this approach to DGA data could pose challenges due to the
lack of information on the experimental techniques utilised in disease-gene studies. Many
existing data sources for DGAs do not provide details about the experimental techniques
employed in generating these associations. For instance, neither DisGeNET nor its original
data sources offer details about the techniques employed in generating DGA data. The
absence of this information poses a challenge in determining whether the studies utilised HTP

or LTP techniques.

Individual
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Figure 4.4. Internal gold standard approach based on individual experimental studies. DisGeNET was split by PMID and
classified by experimental scale, confidence, and curation level. In the SSA_SMA method, large-scale studies served as
datasets and small-scale studies as the gold standard. In HEL LEL, studies with over 50% strong or definitive DGAs were
used as the gold standard; others served as datasets. In MCS_SCS, multi-curator studies formed the gold standard, while
single-curator studies were used as datasets.
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In the research reported in this section, it was investigated whether individual experimental
studies in DisGeNET that resulted in fewer DGAs are more accurate than those that resulted
in multiple DGAs. The experimental studies range in size from a single DGA to 1,040 DGAs.
Approximately 55% of the experimental studies contained a single association, while 45% of
the studies contained multiple associations (Figure 4.5). A cut-off value of one association
was chosen to differentiate between large-scale and small-scale studies, following a
systematic evaluation of various factors within the resulting PFIN. This comprehensive
assessment included five considerations: the distribution of confidence scores; edge weights;
data loss rate during scoring; the percentage of total unique genes, diseases, and associations
integrated; and the connectedness of the resulting clusters in the network. First, setting the
threshold at one provided the highest number of individual datasets, unique diseases, unique
genes, and unique DGAs considered for scoring and then integrated into the final network
(Figure 4.6.A). However, as the threshold increased, the percentage of individual datasets,
unique genes, unique diseases, and unique DGAs within individual datasets decreased. A
lower threshold increases coverage in individual datasets but decreases coverage in the gold
standards (Figure 4.6.B). While a threshold of one provided the highest number of individual
datasets, genes, diseases, and DGAs considered for scoring, it resulted in a low rate of these
elements, from the original size of these elements considered for scoring, after scoring
(Figure 4.6.C), with a high rate of data loss compared to other thresholds (Figure 4.6.D). For
example, a threshold of 100 maintained a high rate of datasets, diseases, genes, and DGAs
from the original size, with the lowest data loss rate. This is because a threshold of 100 had
fewer datasets (less than 20%) and DGAs (less than 22%) considered for scoring, with low
coverage of diseases, genes, and DGAs. Higher thresholds led to a lower number of datasets
before scoring, resulting in less data loss due to fewer datasets being considered, and a
smaller integrated network (Figure 4.6.E). Additionally, a threshold of one demonstrated a
wide range of confidence scores, from eight to 18, and provided a higher average LLS score
than other thresholds (Figure 4.6.E). It also showed variations in edge weights, ranging from
eight to 63, and produced the highest average edge weight (Figure 4.6.F). This threshold
resulted in a larger network size. As the threshold increased, network size decreased, due to
fewer datasets being considered for scoring (Figure 4.6.G). Finally, setting the threshold at
one provided the highest average clustering cohesiveness, which refers to the degree of

similarity among the diseases and their related genes within a cluster, indicating how tightly
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grouped the diseases and genes were and how well they shared common biological
characteristics. The average connectedness decreased with higher thresholds, making a
threshold of one optimal for cluster cohesiveness. Overall, setting the threshold at one
produced variations in both confidence score and edge weight distributions. This threshold
minimised data loss while ensuring a substantial representation of distinct genes, diseases,
and DGAs. The chosen threshold also resulted in the highest average level of network cluster
connectedness, as illustrated in Figure 4.6.H. Consequently, studies with single associations
were grouped and used as the gold standard to score those with multiple associations
(SSA_SMA). Division of DisGeNET at the one association cut-off produced 17,855 Studies
with Multiple Associations (SMA) datasets and 21,719 Studies with Single Associations
(SSA) datasets.

51% A

38% -

25% A

Percentage of datasets

13% A

0% - T T
10° 10! 10? 10°

Dataset size (Number of DGASs)

Figure 4.5. Distribution of dataset sizes by number of DGAs. The left histogram shows datasets with a single DGA; the right

shows those with multiple DGAs. Y-axis indicates percentage of all datasets.

Experimental Confidence Level: The Evidence Level (EL) is a quantifiable measure
introduced by ClinGen to measure confidence in a DGA. EL was categorised qualitatively
into five classes: "Definitive,” "Strong," "Moderate," "Limited," and "Disputed" (For more
details about the EL, refer Section 2.4.1.2) [160]. Genomics England introduced an evidence
criterion called the traffic light system, which uses slightly different categories: Green (go)
means "High Evidence," Amber (pause) means "Moderate Evidence," and Red (stop) means

"Low Evidence" (see Section 2.4.1.2). DisGeNET incorporated the metrics from both
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Figure 4.6 Systematic analysis for selecting the gold standard threshold. Panels A—C show percentage changes in datasets,
genes, diseases, and DGAs with increasing thresholds. Panels D and E display broader distributions of confidence and edge
weights at threshold one. Panel F shows that using one association maximizes network size. Panel G presents data loss,
while Panel H shows highest cluster cohesion at threshold one.

reported by Genomics England PanelApp with the categories established by ClinGen: DGAs
identified as High Evidence by Genomics England PanelApp were categorised as strong in
DisGeNET. DGAs marked as Moderate Evidence are similarly categorised as moderate, and
associations labelled as Low Evidence are categorised as limited. It was hypothesised that
experimental studies containing a high rate of high evidence level (definitive or strong) DGAs
are high-confidence studies, while experimental studies containing a low rate of high
evidence level of DGAs are low-confidence studies. Therefore, the high evidence level
studies (HEL) were grouped and used as the gold standard to assess the quality of low

evidence level studies (LEL) which were treated as individual datasets.

DisGeNET was split by PMID into individual studies, and each study contains DGAs marked
as definitive, strong, moderate, limited, or disputed. Each study was treated as a single
dataset. However, most of these studies contained low rates of definitive, and strong DGAs.
Only 22% of these studies contain 100% of high evidence level DGAs, whereas 70% of these
studies contain around 20% of high evidence level DGAs, as shown in Figure 4.7. A cut-off
of 50% was chosen to distinguish between high-confidence and low-confidence studies based
on the evidence-level distribution among the datasets. Therefore, datasets having less than
50% of their DGAs marked with definitive or strong were treated as low-confidence datasets
and used as datasets to be scored. Datasets having at least 50% of DGAs marked with
definitive or strong were treated as high-confidence data and used as the gold standard to

assess the quality of the datasets (Figure 4.7.B). Therefore, high evidence-level studies scored
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low evidence-level studies (HEL LEL). The DisGeNET database was split by evidence level
to 12,064 HEL datasets and 27,510 LEL datasets. The HEL datasets contain 50% or more of
DGAs classified as definitive and strong. In contrast, the LEL datasets contain less than 50%

of DGAs classified as definitive and strong.

As the EL is derived exclusively from ClinGen and the Genomics England PanelApp, only
DGAs found within these databases, along with those overlapping with ClinGen and
Genomics England PanelApp, receive an EL label. Consequently, in calculating the EL rate
for a study, only DGAs with an assigned EL were taken into account. The absence of the EL
for DGAs from the remaining curated data sources in DisGeNET introduced a limitation in
defining the Gold Standard and datasets using this approach. In total, 25,157 studies have
DGAs not labelled with an evidence level, resulting in 70,395 unique DGAs not labelled with
an evidence level. In contrast, 14,418 studies reported DGAs with an evidence level,

accounting for 6,970 unique DGAs.
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Figure 4.7. Distribution of high evidence-level DGAs across datasets. In A, 22% of datasets contain 100% high-evidence
DGAs, while 70% contain only 20%. B shows the distribution of High Evidence Rates ranging from 50% to 100%.

Experimental Curation Level:. Curated data sources contain DGAs that have been manually
curated by expert biocurators. The intersection between these curated data sources,
particularly those involving experimental studies, can provide valuable insights. This overlap
can aid in assessing the confidence level of an experimental study. It was hypothesised that
experimental studies curated by multiple biocurators may carry higher confidence levels

compared to those curated by only one biocurator. This higher confidence arises from the
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consensus among multiple curation experts regarding these studies. As a result, experimental
studies curated by multiple biocurators were considered high-confidence data, and grouped to
form the gold standard. Conversely, experimental studies curated by a single biocurator were
regarded as low-confidence datasets and were utilised as datasets. The overlap among
datasets has been previously used to identify gold standards and served as a reliable
benchmark for evaluating data quality (For more details, see Section 2.3.2) [297]. To
determine multi-curated experimental studies among the curated data sources, the intersection
between these curated sources concerning experimental studies was computed. The Genomic
England Panel and UNIPROT exhibited the greatest degree of overlap in their studies. The
second highest level of overlap was observed between UNIPROT and ORPHANET. The
smallest degree of overlap occurred between Genomic England and PSYGENET. This low
overlap may be attributed to distinct focuses between UNIPROT and PSYGENET, as
PSYGENET specialises in psychiatric disorders. Figure 4.3.A shows the overlapping studies
among the curated data sources. DisGeNET was split by PMID into 5,744 datasets that were
curated by multiple experts and 33,830 datasets curated by a single expert. The curation level
of the experimental studies has previously been used to generate the confidence scores of
DGAs [141]. However, it was not properly used as the overlap between curated data sources

was not removed before computing the confidence score ( Section 4.3.5).

A gold standard was additionally identified externally based on the individual experimental
study approach, in which each study represented a distinct dataset. Monogenic experimental
studies as well as DGAs available in the OMIM database were used as the gold standard.
Figure 4.8 shows the external approach based on individual experimental studies to identify

the gold standard and the individual datasets.

OMIM database: DGAs sourced from OMIM were employed to score the individual
experimental studies in DisGeNET (OMIM _IES). DisGeNET was subdivided by individual
experimental studies, resulting in 39,574 datasets. The overlapped studies between
DisGeNET and OMIM were excluded from DisGeNET, amounting to a total of 2,065

overlapped studies. Consequently, 37,509 individual studies were considered for scoring.
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Monogenic Experimental Studies: The work reported in this section utilised monogenic
experimental studies as the gold standard data for scoring individual experimental studies
from DisGeNET (MG _IES). Figure 4.8 shows the external approach to identifying the gold
standard and the individual datasets. The utilisation of an external gold standard dataset
introduced several challenges, one of which was the difference in identifier formats,
necessitating identifier mapping before scoring. In the monogenic dataset, the DGAs were
annotated with OMIM identifiers for diseases and Ensembl identifiers for genes.
Consequently, the mapping of diseases between UMLS Concept Unique Identifiers (CUISs)
and OMIM was required, utilising the Mondo disease ontology, and the mapping of genes
between Ensembl and NCBI was carried out using information from HGNC (Section 3.7). In
total, 3,358 diseases out of 4,166, 2714 genes out of 3,163, and 3,636 associations out of
4,292 were successfully mapped. It is important to note that only diseases and genes that

could be mapped to UMLS disease IDs and NCBI gene IDs, respectively, were considered.

Manually Curated
DGAs

Individual
Experimental

Individual l
Experimental

Studies (IES) Studies (IES)
Datasets Datasets
MG Scored IES network (MG_IES) OMIM Scored IES Network (OMIM_IES)

Figure 4.8 Overview of the external individual experimental study-based approach. DisGeNET studies were scored against
two external gold standards—monogenic DGAs and OMIM. Gold standards and datasets were selected from separate

sources.

DisGeNET was subdivided by individual studies, resulting in 39,574 datasets. The

overlapped studies between DisGeNET and monogenic disease studies were excluded from
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DisGeNET, amounting to a total of 2,678 overlapped studies. Consequently, 36,896

individual studies were selected to be scored against monogenic studies.

4.3.2 Network Integration

In the previous section, two approaches were developed to identify gold standards and
individual datasets. Building on these approaches, seven DGA PFINs were constructed. The
first approach, based on data sources, used curated data sources to represent individual
datasets, including the UniProt-scored Curated Data Sources network (UniProt CDS) and the
OMIM-scored Curated Data Sources network (OMIM_CDS). The second approach, based on
individual experimental studies, treated individual experimental studies as individual
datasets, including the Studies with Single Association and Studies with Multiple
Associations network (SSA_SMA), High-Evidence-Level studies scored
Low-Evidence-Level studies network (HEL LEL), Multi-Curated Studies scored
Single-Curated Studies network (MCS SCS), Monogenic studies scored Individual
Experimental Studies network (MG _IES), and OMIM scored Individual Experimental
Studies (OMIM_IES). To ensure consistency, a standardised network naming format was
employed: ‘a gold standard name an individual dataset name’. In each network, the
identified individual datasets were scored against the corresponding gold standard using
Lee’s method (see Section 3.2 for details). Figure 4.9 presents an overview of the

construction of DGA PFINs based on Lee’s approach.

4.3.2.1 Confidence Scoring of the Datasets Using Log-Likelihood Score

The confidence scores were calculated by scoring the individual datasets against their
respective gold standards using the Bayesian statistics approach developed by Lee et al.,
which calculates a LLS for each dataset (Equation 3.1) [55]. Datasets were then ranked based
on the order of their confidence scores. Datasets that received zero or negative scores were

excluded from the integration. The LLS distribution is shown in Figure 4.10.

In the data source-based approach, curated data sources within DisGeNET were first scored
against UniProt to produce the UniProt CDS network and then scored against OMIM to
produce the OMIM_CDS network. The PSYGENET database was omitted due to receiving a
negative score against the gold standard in both UniProt and OMIM. This result suggests that
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both UniProt and OMIM have low overlap with the PSYGENET database, likely due to
differences in their focus. The resulting confidence scores of the datasets were similar in both

gold standards, resulting in limited variability in the distribution of the confidence scores.

-
y:

DGA Datasets

DGA Gold
Standard

DGA PFIN

Figure 4.9. DGA PFIN is produced using the method developed by Lee and colleagues [55] for integrating the

datasets in order of confidence rank.

The confidence scores of the UniProt CDS and OMIM_CDS are presented in Table 4.2.
Adopting OMIM as the gold standard led to an improvement in confidence scores compared
to UniProt. For instance, the confidence score of GENOMICS ENGLAND increased from
14.50 to 16.03. Despite the change in the LLS scores, the ranks of the datasets remained the
same in both gold standards. This change in scores is primarily due to the difference in the
size of the gold standards, with OMIM being smaller than UniProt. The smaller size of

OMIM may improve the overlap between the datasets and the gold standard, resulting in
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higher confidence scores. However, these scores are not directly comparable due to the
different sizes of the gold standards. The stability in rankings indicates that while the absolute
confidence scores can vary with the size of the gold standard, the relative performance of the
datasets is consistent. Therefore, the rankings provide a more reliable measure of dataset

quality than the scores alone.
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Figure 4.10. Log-likelihood score (LLS) distributions for experimental study- and data source-based approaches using
internal and external gold standards. SSA_SMA, HEL LEL, and MCS SCS represent internal comparisons; MG _IES,
OMIM_IES, UniProt_CDS, and OMIM CDS represent external comparisons.

In the individual experimental study-based approach, after scoring various datasets against
their respective gold standards, distinct patterns of data loss and scoring emerged. Datasets
may be lost during scoring if they have a low overlap with the gold standard data, thus
receiving NaN, zero, or negative scores. Datasets may also score infinity if they have a

perfect overlap with the gold standard. The individual experimental study-based approach
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had a higher rate of data loss than the data source-based approach. In this approach, each
DGA experimental study, which typically focuses on a single disease or a group of related
diseases and their associated genes, represents an individual dataset. When scoring these
individual datasets against the gold standard, the dataset may be lost if the disease of interest
in the DGA experimental study is not included in the gold standard, leading to exclusion due
to a lack of overlap. In contrast, in the data source-based approach, each curated data source
from DisGeNET represents an individual dataset. These curated data sources aggregate
multiple DGA experimental studies, thereby increasing the range of diseases covered. This
broader coverage may increase the likelihood that the diseases are included in the gold
standard, reducing data loss and improving the alignment between datasets and the gold
standard. For instance, when scoring the SMA datasets against the SSA gold standard, 10,545

datasets were discarded and a final set of 7,310 datasets were integrated. Similarly, scoring

Table 4.2. Summary of the LLS scores and the integration order for the data source-based approach including
UNIPROT-scored curated data sources (UniProt_CDS) and OMIM scored Curated Data sources(OMIM_CDS).

Datasets UniProt_CDS OMIM_CDS
Confidence Rank Confidence Score | Ranks
Score
UniProt - - 18.28 1
GENOMICS 14.50 1 16.03 2
ENGLAND

CLINGEN 13.78 2 15.11 3
ORPHANET 13.35 3 14.84 4
CTD_human 12.40 4 14.54 5
CGI 9.97 5 12.72 6

the LEL datasets against HEL resulted in 20,435 datasets being discarded. Therefore, a final
set of 7,075 datasets were integrated. The scoring of the SCS datasets against the MCS gold
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standard resulted in 18,469 datasets being discarded. Consequently, a final set of 15,361
datasets was integrated. Scoring the individual experimental studies from DisGeNET against
the monogenic experimental studies resulted in a total of 9,539 datasets being integrated,
while 27357 datasets were discarded. Finally, scoring the experimental studies from
DisGeNET against the DGAs from the OMIM database led to a total of 11,378 datasets being
integrated, while 26,131 datasets were discarded. The individual experimental study-based
approach exhibited high data loss rates, with 81.53% for SSA _SMA, 82.12% for HEL LEL,
61.18% for MCS_SCS, 70.00% MG _IES, and 66.03% for OMIM_IES. The increased data
loss observed in the individual experimental study-based approach can be attributed to the
fact that each DGA experimental study tends to focus on a specific disease or related groups
of diseases. Consequently, the focus of the datasets may not align with the coverage of the
gold standard, resulting in low overlap and increased data loss. Among individual
experimental study-based networks, internal gold standards, including SSA SMA and
HEL LEL, showed more data loss since a subset of the data is excluded for use as gold
standards compared to external gold standards, including MG _IES and OMIM_IES. Table
4.3 shows the level of individual study loss during scoring in the individual experimental
study-based approaches. In the SSA_ SMA, HEL LEL, and MCS_SCS networks, a subset of

the data was excluded for use as a gold standard.

Table 4.3 Level of individual study loss during scoring in the individual experimental study-based approaches.
Datasets are lost if they have negative scores (poor overlap with the gold standard) or no score (no overlap with
the gold standard). In SSA_SMA, HEL LEL, and MCS_SCS networks, a subset of the data is excluded for use as
a gold standard.

Integrated Number of Number of Size of Gold Number of
Network Datasets with Datasets Standard Subset Datasets Lost%
Name Negative LLS Without
Scores LLS Scores
SSA_SMA 5003 5542 21719 32264(81.53%)
HEL_LEL 5162 15273 12064 32499(82.12%)
MCS_SCS 6098 12371 5744 24213(61.18%)
MG _IES 338 27019 - 27357 (70.00%)
OMIM_IES 418 25713 - 26131(66.03%)

The data source-based approach resulted in a small amount of data loss, with only one dataset
lost. PSYGENET was lost when scored against the external gold standard, UniProt, and also
lost against the external gold standard, OMIM. This low rate of data loss may be due to the
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fact that each data source is considered as a dataset, encompassing multiple individual
experimental studies. This broader scope of data sources may enhance the dataset's coverage
in terms of diseases, which can improve its alignment with the gold standard by covering a
wider range of diseases. However, the purpose of the gold standard is to assess the confidence

of datasets, and a range of scores is expected, including some that may not align closely.

Datasets may score infinity if they overlap highly with the gold standard. Dealing with
datasets that receive infinite scores can be challenging, since these datasets share the highest
score, potentially resulting in low variability in confidence score distribution. Infinity scores
therefore share the same ranking, which may impact the integrated score of the DGAs, since
integration depends on the dataset order. Since the datasets are integrated based on their
ranks, the variability in the weighted integrated scores may be decreased. The individual
study-based approach resulted in higher infinity scores compared to the data source-based
approach, due to the high overlap with the gold standard. The individual study-based showed
higher overlap in terms of individual genes, diseases, and DGAs (Table 4.4).

The individual experimental study-based approach resulted in a larger range of confidence
score distribution (Figure 4.10) with the lowest confidence scores being 7.99, 8.36, 7.46,
11.14, and 11.33 for SSA SMA, HEL LEL, MCS SCS, MG_IES, and OMIM IES
respectively while the highest scores were 18.00, 17.00, 18.00, 19.00, and 19.00 for
SSA SMA, HEL LEL, MCS_SCS, and MG _IES, respectively, in comparison to the data
source-based approach, in which the lowest scores were 9.97 and 12.72 for UniProt CDS and
OMIM_CDS, respectively, while the highest scores were 14.50 and 18.28 for UniProt CDS,
and OMIM_CDS, respectively. The individual experimental study-based approach had lower
variability in LLS distribution due to the high rate of infinity scores with ~53.45%, ~ 74.28%,
~54.59 %, ~74.41 %, and ~70.00% for SSA_SMA, HEL LEL, MCS SCS, MG _IES, and
OMIM _IES, respectively.

The individual experimental study-based approach, in which the individual experimental
studies were treated as individual datasets, resulted in small datasets compared to the data
source-based approach, in which data sources were treated as individual datasets ( Figure 4.1

for data source-based approach datasets size and Figure 4.5 for individual experimental

105



Chapter 4: Investigating the Applicability of Probabilistic Functional Integrated Networks to
Disease-Gene Networks

study-based approach datasets size). The size of the datasets may influence the confidence
scores. Small datasets may exhibit high overlap with gold standard data, resulting in infinity
scores, or conversely, low overlap with gold standard data, leading to dataset loss. Datasets of

small size may be too limited to be treated as a single dataset, since reliable confidence

Table 4.4. Gold Standard overlap. The overlap in terms of diseases, genes, and associations of the individual study-based
approach including SSA_SMA, HEL _LEL, MCS_SCS, MG_IES, OMIM_IES, and the data source-based approach including
OMIM_CDS, and UniProt_CDS.

Individual Experimental Study-based Data Source-based
Approaches Approaches

Internal gold standard External gold Internal External
based approaches standard based gold gold
approaches standard | standard

DisGeNET | SSA_ | HEL_ | MCS_| MG_ | OMIM | UniProt_ | OMIM_

SMA LEL SCS IES _ CDs CDs
IES
Genes 9703 7669 8256 8654 | 8890 8994 9173 9303
(Datasets)
Diseases 11181 7950 7866 8722 | 9663 9789 10942 10956
(Datasets)

Associations 84038 66022 | 66234 | 68839 | 76655 | 76865 82279 82894
(Datasets)

Genes - 5540 3394 3436 | 2714 2490 3778 2490
(gold
standard)

Diseases - 6530 5642 6636 | 3358 3075 2954 3075
(gold
standard)

Associations - 16486 | 13632 | 13355 | 3449 3219 4355 3219
(gold
standard)

Overlap - 54.13 3094 | 35.00 | 28.21 | 27.07 32.00 25.62
(Gene)%

Overlap - 51.52 39.59 | 57.00 | 25.27 | 26.21 33.70 25.00
(Diseases)%

Overlap - 8.51 3.78 71.72 3.45 3.59 5.20 3.43
(Associations)
%
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Figure 4.11 Correlation between dataset size and log-likelihood score (LLS). No strong correlation was observed. Panels
A-E show correlations across SSA_ SMA, HEL LEL, MCS SCS, MG _IES, and OMIM IES networks. Zero values on the
y-axis indicate negative or NaN LLS scores. Panel F shows LLS correlations across datasets common to the individual
experimental study-based networks.

scoring against the gold standard would not be possible due to the scale difference. The
dataset size would be too small for accurate confidence assessment compared to the gold

standard’s size , given that no gold standard offers complete coverage of diseases and genes.
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The results revealed that larger datasets, specifically those with more than approximately 250
entries, frequently receive negative or NaN scores, which are represented as 0 on the y-axis
(Figure 4.11). This observation may suggest a potential correlation between dataset size and
LLS, where larger datasets tend to be lost. Figure 4.11 shows the correlation between the
dataset size and the LLS for individual study-based networks. The correlation analysis of the
LLS for the shared scored datasets (Figure 4.11 F), based on the individual experimental
study-based approach, indicates that each gold standard measured different aspects of DGAs.
For instance, the LLS of MG _IES showed a high correlation with the LLS of OMIM IES
(0.79), while the LLS of MCS_SCS was highly correlated with the LLS of HEL LES (0.79)
and SSA_SMA (0.73). Similarly, HEL LEL was highly correlated with SSA SMA (0.79).
This correlation suggests that external gold standards, such as OMIM and monogenic DGAs
(the source of the gold standard is separated from the source of individual datasets which is
DisGeNET), are more similar to each other than internal gold standards, such as MCS, SSA,
and HEL (both the gold standard and the individual datasets are derived from the same
source; DisGeNET). Experimental studies curated by multiple biocurators tend to contain a
higher proportion of high evidence levels (strong and definitive) and also tend to have single
DGAs (Figure 4.11.F). The MCS showed a high correlation with the HEL (0.79) and the SCS

(0.73). These three gold standards demonstrated strong correlations with one another.

Despite using different features of DGAs to generate these gold standards, such as
experimental studies containing a high proportion of high evidence level studies,
experimental studies containing single DGA, and experimental studies curated by multiple
experts, all these gold standards have a similar subset of DGAs. The high correlation of the
LLS between the MCS_SCS and HEL LEL networks is due to the high overlapped DGAs
between the gold standards used to score the networks, specifically the MCS gold standard
and the HEL gold standard ( Figure 4.12.A) and the highest overlapped scored datasets (
Figure 4.12.B) between these two gold standards. Similarly, the high correlation of the LLS
between OMIM _IES and MG_IES was due to the highly overlapped scored datasets ( Figure
4.12. B).

4.3.2.2 Integration of the Scored Datasets Based on the Confidence Scores Using Weighted
Sum
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Seven integrated networks were constructed based on the two approaches developed to
generate the datasets and the gold standard: the data source-based approach and the
individual experimental study-based approach. These networks are SSA SMA, HEL LEL,
MCS SCS, MG _IES, OMIM IES, UniProt CDS, and OMIM CDS. This integration was
performed using the weighted sum integration method developed by Lee and colleagues [55](
Sections 2.3.3 and 3.2, Equation 3.2) [55]. Figure 4.13 shows the weighted sum distribution
for the seven PFINs. The selection of the D value for each network was based on identifying
the value that produces the highest performance in network link prediction. Therefore the D
values of 1.1, 1.4, 1.4, 1.5, 1.5, 1.4, and 1.3 were chosen for the SSA SMA, the HEL LEL,
A
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Figure 4.12 Overlap in the experimental study-based approach. A shows 1,196 DGAs shared across five gold standards; B
shows 147 datasets shared across their corresponding scored networks.

the MCS_SCS, the MG _IES, the OMIM_IES, the UniProt CDS, and the OMIM_CDS,
respectively (Figure 4.13.D).

The differences between the gold standards among the seven integrated networks in both

approaches can be observed in the topological structures of these integrated networks ( Table
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4.5), which reflects the edges included and excluded based on these gold standards. These
differences are also evident in the edge weights (Figure 4.13), which reflect both the
confidence scores (Figure 4.10) and the number of scored datasets supporting these edges
(DGAs). The edge weights differed among the seven integrated networks, reflecting the
differences in the confidence score distributions and the number of datasets included in the
integration of each network (Figure 4.13). The individual experimental study-based approach,
SSA SMA, HEL LEL, MCS SCS, MG _IES, and OMIM_IES, had higher edge weight
distribution than the data source-based approach, UniProt CDS, and OMIM CDS. The
individual experimental study-based approach also had a larger range and a higher variation
of edge weight distribution compared to the data source-based approach. The edge weights of
the individual experimental study-based approach were highly correlated (Figure 4.14). For
example, the edge weight of the OMIM IES was highly correlated with the MG IES
(Spearman correlation coefficient = 0.76, p < 0.0001). Similarly, the edge weight of the
MCS_SCS was highly correlated with the HEL LEL (Spearman correlation coefficient =
0.74, p < 0.0001). This finding can confirm that the EL metric developed by ClinGen based
on the frequency of the DGA in the literature matches with the curation strategies used in
other curated data sources. There was also a high correlation (Spearman correlation
coefficient = 0.67, p < 0.0002) between the SSA SMA and the MCS_SCS. Similarly, the
edge weights of the data source-based approach were highly correlated, for example
UniProt CDS is highly correlated with OMIM _CDS (Spearman correlation coefficient =
0.74, p < 0.0002).

The topological structures among the seven networks are markedly different (Table 4.5). The
data source-based approach produced larger networks than the individual experimental
study-based approach, with the highest total number of DGAs for OMIM_CDS (80,867).
Additionally, the data source-based approach had a higher number of disease and gene nodes
than the individual experimental study-based approach, with OMIM_CDS having the highest
number of disease nodes (11,108) and gene nodes (9,417). The smaller size of networks in
the individual experimental study-based approach is attributable to the high rate of data loss

during scoring.

In the individual study-based approach, removing duplicate evidence was not required, as

each DGA experimental study is treated as an individual, distinct dataset. Each piece of DGA
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evidence in this approach is independent, aligning with the requirements of the PFIN

framework. Conversely, in the data source-based approach, where each data source represents
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Figure 4.13 Weighted sum distribution. A—-B show distributions for experimental study-based networks (SSA_SMA,
HEL LEL, MCS SCS, MG _IES, OMIM IES) and data source-based networks (UniProt_CDS, OMIM CDS). C combines
both. D shows integration using confidence-ranked datasets weighted by a D value, optimized for link prediction. Selected D
values: 1.1 (SSA_SMA), 1.4 (HEL LEL, MCS SCS, UniProt CDS), 1.5 (MG _IES, OMIM IES), and 1.3 (OMIM CDS).

a separate individual dataset, eliminating duplicate evidence is important. This need arises
because different data sources may curate the same DGAs based on overlapping experimental

studies, leading to duplicate evidence.

To assess the impact of duplicate evidence on the PFINs in the data source-based approach,
the LLS scores of the datasets and the weighted sums of the DGAs were compared both with
and without duplicate evidence. The findings indicated that the LLS scores of the datasets
and the weighted sums of DGAs were higher with duplicate evidence. For instance, in the
UniProt CDS network, both the LLS scores and weighted sums with duplicate evidence were

elevated compared to those without duplicates ( Figure 4.15.A and 4.15.B). Similarly, in the
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OMIM_CDS network, the scores and weighted sums were higher when duplicates were
included. Although the impact of duplicates was small, the presence of duplicates still

influenced the LLS scores and weighted sums, which could affect the PFIN performance.

10

-04
-02

-0.0

Figure 4.14 Correlation of weighted sums for common DGAs across seven networks: SSA_SMA, HEL LEL, MCS SCS,
MG _IES, OMIM _IES, UniProt_CDS, and OMIM_CDS.

Overall, the data source-based approach yielded fewer connected components in the
integrated networks, with 424 for UniProt CDS and 435 for OMIM_CDS. In contrast, the
individual experimental study-based approach exhibited higher numbers of connected
components: 476 for SSA SMA, 674 for HEL LEL, 1,218 for MCS SCS, 1,254 for
MG IES, and 1,038 for OMIM IES. The high number of connected components in the
individual study-based approach indicates that these networks are less connected and more
isolated, likely due to the smaller number of DGAs and the small number of diseases and
genes included in these networks. Conversely, the data source-based approach tends to be
more connected, owing to the larger numbers of DGAs, diseases, and genes incorporated into
these networks. The data source-based networks, including UniProt CDS and OMIM_CDS,
showed higher average disease and gene degrees compared to individual experimental

study-based networks (SSA_SMA, HEL LEL, MCS SCS, MG_IES, and OMIM_IES).
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Table 4.5. Network statistics. Topological characteristics for the seven networks: individual study-based networks including
SSA_SMA, HEL LEL, MG scored network, MC scored network, OMIM scored network, and UniProt scored network.
Statistics were calculated using the Cytoscape NetworkAnalyser plugin and clustering was carried out using the Markov
Clustering Algorithm (MCL).

Individual Experimental Study-based Networks Data Source-based
Networks
Topological DisGeMET | 5%A_SMA | HEL_LEL | MCS_SCS | PMG_IES | OMINM_IES | UniProt_CDS | OMIM_CDS
Structure {Curated
DGAS)
Mumber of 11181 6382 3050 5341 4911 5816 10866 11108
disease nodes
Murmber of gene 9703 5020 2069 3430 2511 2900 BEES 9417
nodes
Number of 834038 24775 7220 12495 7792 11080 79116 80867
DiGAs
Average number B.386 4.674 3.664 3.719 2,780 3.120 B.530 B.231
of neighbours
Average gene 9 4.431 3.490 3.643 3.103 3.809 B.922 B.SEB
degree
Average disease 8 3,152 2367 2.339 1,587 1.905 7.273 7.280
degree
Metwork 14 15 22 20 26 22 14 14
diameter
Metwork radius 7 1 1 1 1 1 1 1
Connected 417 476 674 1218 1254 1038 424 435
components
Characteristic 4,766 5,497 7,328 F.215 8,410 7696 4,834 4,833
path length
Clusters 1864 1345 593 957 915 1156 2067 2167

Specifically, UniProt CDS and OMIM_CDS had a disease degree of 7.27, 7.28 and a gene
degree of 8.92, 8.58, respectively, whereas the experimental study-based networks had
disease degrees ranging from 1.59 to 3.15 and gene degrees ranging from 3.10 to 4.43. The
node degree distribution follows a power law (Figure 4.17), indicating that most diseases are
associated with few genes, while a few disorders are hubs linked to many genes (Figure
4.16). The largest connected components varied in size across the networks, with SSA_ SMA
having 10,303 nodes and 24,077 edges, HEL LEL having 4,620 nodes and 8,600 edges,
MCS_SCS having 5,704 nodes and 10,607 edges, MG_IES having 3,987 nodes and 5,541
edges, and OMIM_IES having 5,968 nodes and 9,311 edges.
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Figure 4.15. Scatter plots showing the impact of duplicate evidence on LLS and weighted sum values in
UniProt_CDS and OMIM_CDS networks. In both networks, Panels A and C show LLS comparisons with and
without duplicates, while Panels B and D show weighted sum comparisons. Duplicate evidence leads to minor

but consistent increases, with most points near the y = x line.

The analysis of overlap between the seven networks in terms of genes, diseases, and DGAs
revealed differences attributable to the variances in the gold standards ( Figure 4.18). The
highest overlap in diseases was observed between OMIM_CDS and UniProt CDS, with
2,963 diseases shared exclusively between these two networks. The second highest overlap
was seen between OMIM_CDS, UniProt CDS, and SSA SMA ( Figure 4.18.A). Across all
seven networks, a total of 1,177 diseases were common. There were 1,862 genes common to
all networks, with the highest overlap between UniProt CDS and OMIM_CDS (Figure
4.18.B). Additionally, the analysis revealed significant overlap in DGAs, particularly between
UniProt CDS and OMIM CDS. However, only 1,917 DGAs were shared among all
networks, reflecting the influence of differences in the gold standards ( Figure 4.18.C).

114



Chapter 4: Investigating the Applicability of Probabilistic Functional Integrated Networks to
Disease-Gene Networks

A L‘L 4 4

SSA_SMA  HEL_LEL  MCS_SCS  MG_IES  OMIM_IES UniProt CDS OMIN_CDS

>
w

N N w w
=3 13 S a
) S S S

3
o

Gene degree
Gene degree

o
o

o
=]

o

O
O

Gene degree
B (9] (2] ~
S © & o
S & & o

Disease degree
w
o
o

n
=]
S

_SCs
Cps
Cbs
1<)
S

MG g

Ss, A Smq

/‘IEL\ (g
Mcg
OM/M\ IEs
o

L1l

SSA_ SMA  HEL_LEL  MCS_SCS  MG_IES  OMIM_IES

1000 1000
® 800
o
800 =3
S 600
8 3
& 600 uz 400
[ =)
ﬁ ” l l l
2400
5 0 .
< o 1) ) @ ) %)
200 I, 3 I w Q
5 3 4 o & 8§ 8
g g 2 N S s S
o S
° # 5 s § 3
UniProt_CDS OMIM_CDS >

Figure 4.16 Node degree distributions. (A—C) Gene degrees for individual study-based networks, data source-based
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Figure 4.17 Node degree distributions fit a power law model. Panels A—G show results for SSA SMA,
HEL LEL, MCS SCS, MG _IES, OMIM_IES, UniProt_CDS, and OMIM _CDS, with correlations > 0.996 and R*?
values between 0.834 and 0.898, indicating strong fits across all networks.

4.3.3 Network Evaluation

The networks were evaluated using two techniques:link prediction and clustering analysis.
4.3.3.1 Link Prediction

The ability of the networks to predict hidden DGAs was evaluated using the JI algorithm;
specifically the weighted bipartite version of JI ( Section 3.3.4, Equation 3.13) [270]. The JI,
a common neighbour-based algorithm, was selected for its ability to include both network

topological structure and edge weights when predicting links between diseases and genes (
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Section 3.3.4). Among common neighbour-based algorithms, JI was chosen for its
normalised version, which ensures predictions of DGAs are not influenced by high node
degree. Additionally, JI demonstrated the highest network performance compared to other
existing common neighbour algorithms. Ten-fold cross-validation was employed to assess the
network link prediction performance ( Section 3.3.4) [273]. This method was chosen because
the link prediction task can be computationally intensive, particularly for bipartite weighted

networks of large size.
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Figure 4.18 Overlaps among integrated networks. (A) Diseases, (B) Genes, (C) DGAs.
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The individual study-based networks produced higher AUC values than the data source-based
networks. Specifically, SSA SMA, HEL LEL, MCS SCS, MG _IES, and OMIM IES
achieved AUCs of 0.861, 0.882, 0.902, 0.871, and 0.870, respectively, whereas UniProt CDS
and OMIM_CDS attained AUCs of 0.74 and 0.73, respectively ( Figure 4.19). The SE was
used to assess the AUCs, and the differences in AUC were found to be statistically significant

across all networks.
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Figure 4.19: ROC curves for link prediction in individual study-based networks (SSA_SMA, HEL LEL, MCS SCS, MG IES,
OMIM _IES) and data source-based networks (UniProt_CDS, OMIM_CDS).

Link prediction methods, such as neighbourhood-based methods, were initially developed for
unweighted and unipartite networks such as PPI networks, however, these methods encounter
significant challenges when applied to bipartite networks such as DGA networks, particularly
when these networks are weighted. In bipartite networks, nodes of two distinct types (e.g.,
diseases and genes) are connected, requiring neighbourhood-based methods to use indirect
similarity measures that alternate between these node types. This complexity is further
exacerbated in weighted networks, where varying interaction strengths complicate similarity
calculations. However, Liu et al. [298] and Kart et al. [270] adapted these methods for
bipartite networks, with Liu et al. focusing on drug-target interactions and Kart et al.
modifying algorithms for weighted networks. Both approaches shift the focus from direct
neighbours to second-degree neighbours, facilitating the identification of common neighbours

within the same node category. Figure 4.20 illustrates the differences in link prediction
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between unipartite and bipartite networks. Figure 4.20.B illustrates the modified version of

neighbour-based methods for bipartite networks.

Network link prediction for bipartite and weighted networks also presents some limitations.
For example, randomly splitting the network into ten subnetworks for cross validation may
result in two disconnected subnetworks, which can hinder the prediction of links. For
instance, as illustrated in Figure 4.21, the removal of a link from D/ to G2 leads to the
formation of two disconnected subnetworks, making the prediction of a link between D2 and

G impossible.

v“”'&é
\ Common Neighbors between P1 and P2

Predicted link

Common Neighbors between D1 and G2

Figure 4.20. Link prediction using common neighbours in unipartite and bipartite networks. (A) In the unipartite network,
predicted links (e.g., between P1 and P2) are based on shared neighbours (P5 and P7), shown with green edges. (B) In the
bipartite network, link prediction between D1 and G2 uses paths of length two to identify common neighbours (G1 and G3),
visualised with green lines.
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Figure 4.21. Limitation of common neighbours in bipartite DGA networks. Removing the DI-G?2 link (green) leads to the
formation of two subnetworks, potentially hiding a D2—G1 link (red).

4.3.3.2 Clustering

The second technique used for evaluation was network clustering analysis. The weighted
MCL clustering algorithm was used to cluster the networks (Section 3.3.2) [299]. The MCL
was chosen for several reasons (Section 3.3.2). The inflation values were determined based
on those that produced the highest average of network cluster cohesiveness, with values set at
1.5 for SSA SMA, HEL LEL, MCS SCS, MG IES, and OMIM IES, and 1.8 for
UniProt CDS and OMIM _CDS (Figure 4.22). The network clusters were analysed to
investigate the clustering of diseases and their related genes. To assess the cohesiveness of
the network clusters, diseases and their related genes within clusters were examined . It was
hypothesised that if a disease is associated with a gene with a high confidence score (edge
weight), the disease and that gene should cluster together. To test this hypothesis, the average

cohesiveness of the clusters was calculated ( Section 3.3.3.1, Equation 3.5).

The individual study-based networks generated fewer clusters than the data source-based
approach due to their smaller size, a result of the higher data loss associated with individual
study-based approaches. For example, SSA_SMA contained 1,345 clusters ranging from 468
to three nodes, the HEL LEL network had 593 clusters ranging from 113 nodes to three
nodes, MCS_SCS had 957 clusters ranging from 150 nodes to three nodes. MG_IES had 915
clusters ranging from 75 nodes to three nodes, and OMIM IES had 1,156 clusters ranging
from 136 nodes to three nodes. In contrast, the data source-based networks resulted in a
larger number of clusters: UniProt CDS network had 2,067 clusters ranging from 312 nodes

to three nodes, while OMIM_CDS had 2,167 clusters ranging from 586 nodes to three nodes.
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The average cluster size was similar among all the networks. For instance , that for
SSA SMA, HEL LEL, OMIM _CDS, and UniProt CDS was four nodes, whereas for
MCS SCS and MG IES, it averaged five nodes. Figure 4.23 shows the cluster size

distribution.
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Figure 4.22. Selection of inflation values were chosen for the MCL clustering based on maximum network clustering

cohesiveness.

The individual study-based networks produced a higher average cluster cohesiveness
compared to the data source-based approach, with averages of 0.81, 0.85, 0.84, 0.86, and 0.87
for SSA_ SMA, HEL LEL, MCS_SCS, MG _IES, and OMIM_IES, respectively, in contrast
to UniProt CDS with 0.72 and OMIM_CDS with 0.71. Figure 4.24 illustrates the distribution

of average cluster cohesiveness for each network.

It was hypothesised that if a disease is associated with a gene with a high confidence score
(indicated by a high edge weight), the disease and its related gene should cluster together.
Consequently, the average cohesiveness of the clusters should increase when applying edge
weight thresholding, aiming to minimise the number of edges with lower weights. To test this
hypothesis, an edge weight threshold was applied to the networks and the average cluster
cohesiveness was calculated to observe any changes. The selection of the edge weight
threshold for each network was based on the network's average edge weight distribution,

cluster size distribution, and the number of clusters. The threshold was chosen to ensure that
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improvements in the average connectedness of clusters resulted from filtering out low-quality
DGAs, rather than from a reduction in the network's size, which could falsely enhance
connectedness. Changes in network size due to the edge weight threshold may create
misleading interpretations of average connectedness based on size reduction rather than the
removal of low-confidence data. Consequently, edge weight thresholds of 12, 12, 13, 13, 13,
17, and 15 were chosen for the SSA_ SMA, HEL LEL, MCS SCS, MG _IES, OMIM _IES,
UniProt CDS, and OMIM_CDS respectively. Figure A.1 illustrates the network size and the
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122



Chapter 4: Investigating the Applicability of Probabilistic Functional Integrated Networks to
Disease-Gene Networks

number of clusters at different edge weight thresholds. Figure A.2 shows the cluster size

distribution across different edge weight thresholds.

The average cluster cohesiveness for both the individual experimental study-based networks
and data source-based networks increased upon applying edge weight thresholds.
Specifically, SSA_ SMA improved by 0.04, HEL LEL by 0.01, MCS_SCS by 0.07, MG_IES
by 0.01, and OMIM IES by 0.007 ( Figure 4.25). The data source-based networks, including
OMIM_CDS and UniProt CDS, also exhibited improvements in their averages.
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Figure 4.25. Network cluster cohesiveness. Average cohesiveness increased by 0.01 in SSA_SMA, 0.02 in HEL LEL, and
0.03 in MG _IES and MCS_SCS. No improvement was observed in OMIM_CDS and UniProt_CDS networks.

In both network analysis techniques, the individual experimental study-based networks
consistently outperformed the data source-based networks. The individual experimental
study-based networks demonstrated superior performance, with higher AUC values than the
data source-based approach. These networks also exhibited greater average network cluster
cohesiveness. Despite the data source-based approach presenting a lower rate of data loss
compared to the individual experimental study-based approach, the latter still produced better

performance.
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The differences between the gold standards were reflected in the topological structures of the
networks and the confidence scores between diseases and genes. For example,
medulloblastoma, the second most common brain tumour in children, is connected to 50
genes in DisGeNET. However, the node degree and the neighbourhood groups of this disease
vary among the networks due to differences in the gold standard. For instance, in individual
experimental study-based networks such as SSA SMA and MCS _SCS, this disease is
associated with six genes—ATM, APC, NBN, SUFU, BRCA2, and CTNNBI—with the
highest confidence observed with SUFU, while the lowest is with NBN and ATM. Similarly,
in MG_IES, the disease is associated with five genes, with SUFU exhibiting the highest
confidence and NBN and ATM the lowest. Notably, CTNNBI, present in SSA_SMA and
MCS SCS, is lost in MG _IES. In OMIM IES, the disease is associated with four
genes—ATM, NBN, SUFU, and BRCA2—with SUFU displaying the highest confidence and
NBN and ATM the lowest. Additionally, genes such as CTNNB1 and APC, found in other
networks, are lost in OMIM IES. Conversely, in data source-based networks including
UniProt-CDS and OMIM_CDS, the disease is associated with all the genes associated with it
in DisGeNET, with a disease degree of 50 due to the relatively small data loss rate in this
approach compared to the individual experimental study approach. However, the highest
confidence is connected with this disease in both OMIM_CDS and UniProt CDS, involving
the same six genes present in the individual study-based approach: ATM, APC, NBN, SUFU,
BRCA2, and CTNNBI. Figure 4.26 shows the topological structure visualisations of all

networks. The networks were visualised using Cytoscape, as detailed in Section 3.3.1.

61125 12.442326797095872

10,54520881220999

10.54520881220999

124



Chapter 4: Investigating the Applicability of Probabilistic Functional Integrated Networks to
Disease-Gene Networks

Genes Neighbourhood of Medulloblastoma Disease Across the Networks
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Figure 4.26. Medulloblastoma gene neighbourhoods across networks. (A—E) Individual study-based networks: SSA_SMA,
MCS _SCS, HEL LEL, MG _IES, OMIM IES. (F-G) Data source-based networks: UniProt CDS, OMIM CDS. Red =
disease node, blue = gene nodes, purple edges = highest confidence. (H) Heatmap of Medulloblastoma gene
neighbourhoods across all networks; white indicates missing genes.

The heatmap illustrates the variation in the weighted sum of Medulloblastoma and its related
genes across different networks. Genes such as SUFU and BRCA2 demonstrated higher
normalised weighted sums in networks like MG _IES and OMIM_IES, indicating strong
associations with Medulloblastoma. In contrast, genes such as ATM and APC showed lower

normalised sums, reflecting weaker associations. Additionally, CTNNBI1 exhibited a
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relatively low weighted sum, particularly in the SSA_ SMA and HEL LEL networks, and was
absent in the MG _IES and OMIM_IES networks. While still involved in Medulloblastoma,
its confidence is lower compared to SUFU and BRCA2. Differences in the weighted sums are
due to the distinct gold standards used to score the networks. These gold standards measure
different aspects of the disease. For example, BRCA2 attained higher confidence scores in
the OMIM _IES and MG IES networks compared to MCS SCS and SSA SMA, while
SUFU maintained consistent confidence scores across all networks, demonstrating a stable

association with Medulloblastoma, regardless of the gold standards employed.

Clustering analysis of networks unveiled distinct topological structures in different networks.
For instance, in the individual experimental study-based approach, It was observed that
SSA SMA and MCS_SCS, as well as OMIM _IES, grouped medulloblastoma together with
Joubert Syndrome 32 and Localised Primitive Neuroectodermal Tumour. Similarly, within
MG _IES, Medulloblastoma is clustered with Joubert Syndrome 32, Localised Primitive
Neuroectodermal Tumour, Meningioma, and Oculo-dento-digital syndrome. Several studies
have demonstrated the biological and genetic connections that explain the clustering of
medulloblastoma  with the disorders: Joubert Syndrome, Localised Primitive
Neuroectodermal Tumour, Meningioma. For instance, Hatten ef al. showed that
Medulloblastoma and Joubert Syndrome share common genetic disruptions in the Sonic
Hedgehog (SHH) signalling pathway, which is important for cerebellar development and
ciliary function [300]. These cilia-related defects are a hallmark of both Joubert Syndrome
and SHH-subtype Medulloblastoma [300]. Similarly, Youn et al. reported that mutations in
cilia-related genes lead to overlapping developmental and tumorigenic pathways, providing a
molecular basis for the observed clustering of these two conditions in genomic analyses

[301].

Louis et al. demonstrated that medulloblastoma and Primitive Neuroectodermal Tumour
share a common embryonic origin and frequently exhibit MYC amplifications and WNT
pathway mutations [302]. Their genetic similarities explain the co-occurrence of
Medulloblastoma and Primitive Neuroectodermal Tumour in several multi-omic datasets.
Furthermore, Taylor et al. emphasised that these tumours often show similar

histopathological characteristics, which further justifies their close association [303].
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Taylor et al. showed that meningioma and medulloblastoma share genetic links through
mutations in PTCH1, a gene implicated in both Nevoid Basal Cell Carcinoma Syndrome and
sporadic medulloblastoma [303]. Additionally, individuals with Neurofibromatosis type 2
(NF2), a condition predisposing patients to both meningiomas and medulloblastomas, often
exhibit the co-occurrence of these tumors. A study examining NF2 patients with multiple
cranial meningiomas found that such tumors frequently cluster due to shared genetic factors,
including chromosomal instability in regions like 22q, which may contribute to their
progression [304]. These findings further support the observation of tumor co-occurrence and

clustering in genomic studies of NF2.

In the case of Oculo-Dento-Digital Syndrome (ODDD), Sinyuk et al. highlighted that
mutations in GJA1l, which encodes connexin 43, affect gap junction communication, a
process that can be disrupted in cancers such as Medulloblastoma [305]. This dysregulation
of cellular communication likely underpins the clustering of Medulloblastoma with ODDD in
the current analysis, as shared disruptions in signalling pathways contribute to both

syndromes.

Finally, Peixoto ef al. explained that primary cilia, which play an important role in regulating
signalling pathways, are implicated in both ciliopathies and tumorigenesis [306]. They noted
that ciliary dysfunction leads to the loss of primary cilia, a feature often seen in many
tumours, including Medulloblastoma. This insight provides a genetic and molecular rationale
for why Medulloblastoma, Joubert Syndrome, and other disorders with ciliary dysfunction
tend to group together. These studies collectively support the observed clustering and offer a

deeper understanding of the shared pathways involved.

In the data source-based approach including UniProt CDS and OMIM_CDS, the clustering
analysis revealed that Medulloblastoma is grouped with related conditions, indicating a
disease group clustering in which a cluster of related diseases are grouped together such as
child Medulloblastoma and adult Medulloblastoma. Figure 4.27 illustrates the clusters of

Medulloblastoma diseases across all networks.
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Figure 4.27: Medulloblastoma clusters across all networks. (A-E) Individual study-based networks;, (F-G) Data
source-based networks. Red = disease nodes, blue = gene nodes, edge width = confidence level.

4.3.4. Investigating External DGA Gold Standards Outside DisGeNET

Alternative sources of DGA data, including GAD [188], CoOMAGC [307], and PolySearch
[109], were investigated as gold standards. For instance, PolySearch was used as a gold
standard, however we found that it focuses on ten specific diseases and their associations,

covering 522 DGAs. However, when mapped to DisGeNET using UMLS, only 378 DGAs
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were matched. Similarly, we explored COMAGC as a gold standard, but its focus on cancer
disorders may result in discrepancies between datasets and the gold standard, with only 3
unique diseases identified and a lack of disease identifiers, making it challenging to align
with other datasets. We also considered the Genetic Associations Database (GAD) as a gold
standard, known for its comprehensive coverage of DGAs, encompassing 5330 DGAs with
1652 genes and 923 diseases. Unfortunately, this database is not up-to-date, having been
retired with frozen data since 2014. However, the gold standard data need to be up-to-date to

maintain relevance.

4.3.5 Existing Methods for DGA Confidence Score Calculation: DisGeNET Score for
Disease-Gene Associations

While probabilistic methods like PFINs are commonly used to generate confidence scores in
PPI network integration [50], [56], [57], heuristic methods are more prevalent for integrating
DGAs and generating confidence scores (Section 2.3) [141], [160]. These heuristic
approaches rely on factors such as the frequency, co-occurrence, or similarity measures of
DGAs. However, unlike PFINs, which integrate independent evidence of PPIs, heuristic
methods have limitations, such as the inflation of confidence scores due to duplicate evidence
of DGAs ( Section 2.3). For example, DisGeNET employed a heuristic approach to develop
its DGA confidence score ( Section 2.4.1.2).

A DGA score was developed by DisGeNET [141] to rank the DGAs according to their level
of evidence. The DGA score ranges from 0 to 1 and considers the number and type of sources
(curation degree, model organisms) and the number of publications supporting the
association. The DisGeNET score (S) for DGAs is determined by a formula that includes
contributions from various sources (Equation 3.14). However, the presence of duplicate
studies among these sources was not considered in this calculation. The omission of duplicate
considerations could potentially lead to an inflation of the score, as the same evidence might
be counted multiple times, influencing the perceived strength of the DGA. The DisGeNET
DGAScore (S) was recalculated to investigate whether the redundancy between data sources
was considered during the scoring process. The score was recalculated by applying the same
algorithm developed by DisGeNET, allowing redundancy among data sources. It was found

that the recalculated score within the duplicate data was identical to the DGAScore assigned
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by DisGeNET, which means that removing overlapped DGAs were not considered in the
scoring process. To investigate the effect of data duplication on the DGAScore, the
redundancy among the data sources was removed (Figure 3.4 for duplicate data between
curated data sources), and the same algorithm developed by DisGeNET was applied to
recalculate the score. It was found that the recalculated score avoiding duplicate data differed
from the score assigned by DisGeNET. Even though the difference is slight, duplicate data
can lead to biases within the network, upweighting edges with duplicate evidence. For
example, the (Leigh Syndrome, LRPPRC) DGA from the study PMID 12529507 is present in
UNIPROT, CTD human, ORPHANET, CLINVAR, and GENOMICS ENGLAND.
According to the heuristic method developed by DisGeNET for calculating confidence
scores, the (Leigh Syndrome, LRPPRC) DGA is reported to be supported by five pieces of
evidence. However, this is not accurate, as the same evidence (same DGA generated by same
experimental study PMID 12529507) is represented multiple times across different curated
data sources. Figure 4.28.A shows the correlation between the DGAScore assigned by
DisGeNET and the recalculated score without data duplication. Addationaly, the density plot
showed that low DGAScores increased when duplicate data was removed, while the density
of low DGAScores decreased with the presence of duplicate data. This indicates that
duplicate data can upweight the confidence scores, even if the effect was slight( Figure
4.28.B and C). When comparing the scores assigned by DisGeNET with the edge weights of
the data source-based networks, we observed a high correlation between the DGAScore and
OMIM_CDS (0.84) as well as UniProt CDS (0.65) (Figure 4.28.D). Similarly, for the
individual experimental study-based approach, the DGAScore exhibited a high correlation
with MG _IES (0.56) and OMIM_IES (0.62)(Figure 4.28.D).

The difference between DGAScores with and without redundancy was slight due to the
thresholds applied to determine the number of data sources supporting each DGA (see
Section 3.4). A threshold of 9 was used for literature data, a threshold of 2 for curated data
sources, and a threshold of 0 was applied for both modelling and inferred data sources. These
thresholds could lead to no difference between DGAscores with duplicated evidence and
those without; for example, if the number of animal models supporting a DGA 1is greater than
zero, it would yield a contribution of 0.2, regardless of whether there is duplicate evidence or
not. In contrast, in literature data sources, if the threshold is greater than 9, it would

contribute 0.1, which may result in a difference between scores with duplicate evidence and
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those without. Although the impact of redundancy on the scores is slight, it nonetheless

affects the overall confidence in the DGA associations.
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Figure 4.28. Impact of duplicate data on DGA score distribution. (A) Correlation between DisGeNET scores with and
without redundancy, showing slight differences due to upweighting from duplicate evidence. (B—C) Density plots show higher
low-score density without redundancy (B) and slightly lower peak with redundancy (C), indicating distortion from

duplicates. (D) Correlation between weighted sums across seven networks and DisGeNET DGA scores.

4.4 Conclusion

In this work, novel strategies for constructing and evaluating DGA PFINs were researched
and developed. Two innovative approaches were investigated to identify the most suitable
methods for determining the DGA gold standard data and selecting the individual DGA

datasets. Unlike existing DGA networks, which are either unweighted or rely on heuristic
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methods based on frequency, co-occurrence, or similarity of DGAs, to generate DGA
confidence scores, DGA PFINs provide a more accurate and unbiased approach to DGA
network integration. By scoring DGA datasets against high-confidence gold standards prior
to integration, PFINs effectively reduce noise and ensure that only high-quality datasets are
incorporated. The PFIN approach guarantees that datasets remain independent and free from
duplicate data which make the PFIN approach a more robust method for DGA network
construction. In contrast, heuristic methods such as the DisGeNET confidence score are
vulnerable to inflated confidence scores due to duplicate data, where repeated evidence is

disproportionately represented.

The applicability of the PFIN approach to DGA networks was explored through the
development of two key strategies: the data source-based approach and the individual
experimental study-based approach. In the data source-based approach, curated data sources
from DisGeNET were evaluated against two primary gold standards: an internal gold
standard within DisGeNET (the UniProt CDS network) and an external gold standard (the
OMIM_CDS network). The individual experimental study-based approach employed two
methods. The first method involved dividing individual experimental studies into gold
standard data and individual datasets based on experimental scale level (SSA SMA network),
experimental evidence level (HEL LEL network), and experiment curation level (MCS_SCS
network). The second method scored all individual experimental studies from DisGeNET
against external gold standards derived from OMIM (OMIM_IES network) and monogenic
data (MG_IES network). As a result, seven integrated networks were developed for

comparison.

The data source-based networks experienced less data loss compared to the individual
experimental study-based networks. This was likely because treating each single curated data
source as an individual dataset improves disease coverage. Since each data source includes
multiple experimental studies on DGAs, it broadens the range of diseases represented within
the dataset and increases the likelihood of their inclusion in the gold standard. However,
certain data sources, such as PSYGENET and GCI, were lost when scored against the gold
standard, as they focus on specific diseases. To address this issue, future work could prioritise
the use of general-purpose data sources, which cover a broader range of diseases, as

individual datasets. Nevertheless, specific-purpose data sources, such as those focused on
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Alzheimer’s, cancer, or psychiatric disorders, can still be employed to construct PFINs for

targeted applications.

Duplicate data between the gold standard and individual datasets can introduce bias into the
resulting scores. Identifying the optimal strategy for handling redundancy and removing
duplicate data remains a challenge. In this study, duplicate data were removed randomly,
retaining duplicates in only one data source. However, this method may not be the most
effective for eliminating duplicates. Future strategies may involve removing duplicates based
on dataset rank, where duplicates are removed from lower-ranked datasets. Alternatively,
duplicates could be eliminated from larger datasets, preserving smaller ones to prevent

dataset size from skewing the results.

The use of external gold standards, such as OMIM, Monogenic, GAD, CoMAGC, and
PolySearch, required disease identifier mapping, which led to the loss of some DGAs, as not
all disease IDs could be mapped to DisGeNET. In this work, the Mondo ontology and
Metathesaurus were used for disease identifier mapping. However, some DGAs from OMIM
and Monogenic datasets remained unmapped. Additionally, some disease IDs were mapped
to multiple identifiers, necessitating manual curation to determine unique IDs. In databases
like PolySearch, only disease names are provided, making it challenging to use names as
unique identifiers. To resolve these issues, future efforts will include manual processing of
the mapping process or the use of machine learning techniques to enhance the accuracy of

disease ID mapping.

Overall, the results indicated that the individual study-based approach outperformed the data
source-based approach, achieving higher AUCs in link prediction and greater average cluster
cohesion in cluster analysis. In the next chapter, the focus will be on addressing the
limitations encountered with the individual experimental study-based approach, while setting
aside the data source-based approach for future work. Specifically, alternative gold standards,
such as PPIs and pathways, will be explored. Scoring DGA datasets against non-DGA gold
standards may allow us to investigate molecular-level mechanisms underlying disease

associations.

For individual dataset identification, treating each experimental study as a separate dataset

leads to a high rate of data loss, as most DGA experimental studies concentrate on specific
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disease or group of related diseases. If a disease is not included in the gold standard, its
dataset is discarded. At present, achieving a gold standard that encompasses all diseases is not
feasible. The high rate of data loss should be based on dataset quality, as PFINs tend to
include high-quality evidence, rather than on datasets focused on well-studied diseases. In the
next chapter, a text mining approach, that systematically groups individual experimental
studies into larger datasets based on the similarity of the experiment techniques used to
generate DGAs, will be introduced. This method may expand the focus of datasets by treating

multiple experimental studies as a single dataset, rather than single individual studies.
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Chapter 5

Constructing Disease-Gene Association PFINs with Gene-Gene Association
Gold Standards

5.1 Introduction

In the previous chapter, the applicability of the PFIN approach for building DGA networks
was explored using DGA data. Multiple and diverse strategies were developed to define the
two main components of the PFIN: the gold standard data and the individual datasets. Two
primary methods were introduced for identifying gold standards and individual datasets: the
individual experimental study-based approach and the data source-based approach. The
findings revealed that the individual experimental study-based approach outperformed the
data source-based approach. Consequently, the focus of the work described in this chapter
was to address the limitations inherent in the individual experimental study-based approach to
identify the individual datasets and the gold standard. Certain limitations were identified
across three distinct dimensions: the definition of gold standard data, the definition of
individual datasets (Section 4.3.1), and the evaluation of network performance (Section
4.3.3.1). Limitations in the gold standards and individual datasets definition manifested as
significant data loss and a prevalence of infinite scores, leading to reduced variability in
confidence scores (Section 4.3.2.1). As a result, the purpose of the work described in this
chapter was to tackle these constraints. In the context of the PPI networks, it is effective to
treat individual studies as separate datasets, contributing distinct pieces of evidence [57].
However, when dealing with DGA data, this approach may not be the most optimal one,
given that the majority of studies primarily focus on a single disease or a group of related
diseases. This bias results in the potential exclusion of a dataset if it does not correspond to
the diseases included in the gold standard. Some data loss is anticipated as PFINs aim to
prioritise higher-quality evidence and facilitate network thresholding. However, this
reduction should be guided by data quality rather than the focus on well-studied diseases.
However, creating a gold standard that includes every possible disease is not currently
possible [308]. Furthermore, there is a lack of suitable network analysis methods for
assessing the effectiveness of these integrated probabilistic networks. Many of the existing
analysis techniques were initially developed for unipartite and unweighted networks [309].

Although some efforts have been made to modify these approaches for unipartite weighted
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networks [270], [271], they continue to exhibit certain constraints ( Section 4.3.3.1) [271]. In

this chapter, it was investigated how to tackle the constraints present in the identification of

the gold standard data, the individual datasets, and the techniques used to evaluate network

performance. One of the main constraints in identifying the gold standard and individual

datasets was the high rate of data loss. In response, it was explored whether using a new type

of gold standard could mitigate the data loss issues. Therefore, several objectives needed to

be achieved:

1-

Identification of the gold standard data through alternative data types, non-DGA gold
standards including shared pathways or highly reliable PPIs. In this scenario, DGA
datasets were evaluated against their molecular foundations, such as PPIs and
pathway analysis. Individual DGA datasets were assessed based on their alignment
with established cellular associations, and evaluating all DGAs on their concordance
with established biological knowledge. As it was observed a significant data loss
when employing DGA gold standard data, in this chapter, it was explored whether the
use of non-DGA gold standards data can help mitigate this problem.

Applying text mining techniques to DGA literature, particularly focusing on the
experimental methodologies used to identify DGAs. In this scenario, DGA
experimental studies were grouped based on their experimental techniques. This
approach allowed studies utilising similar techniques to be grouped together, thus
treating them as individual datasets representing distinct evidence of DGAs. As it was
observed a significant data loss when treating an individual experimental study as an
individual dataset, in this chapter, it was investigated whether treating multiple
individual experimental studies as an individual dataset can help mitigate this

problem.

In order to overcome the limitations in network evaluation techniques, the scored
DGA individual datasets were collapsed and integrated into Gene-Gene Association
(GGA) PFINs and Disease-Disease Association (DDA) PFINs to enable evaluation of

the resulting PFINs using unipartite networks evaluation techniques.
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5.2 Source data

DisGeNET [141] 2021-v7.0 was used as the data source for the individual datasets
definition. In this context, curated DGA experimental studies from DisGeNET were used to
represent the individual datasets for building DGA PFINs. Each distinct DGA experimental

study corresponds to a separate individual dataset (Sections 2.5 and 3.1).

BioGRID [87] version 4.4.213, August 2022, for Homo sapiens was chosen as the data
source for the non-DGA gold standard data ( Section 3.1).

Reactome pathway [253], version 81, 2022, was also used as a non-DGA gold standard (
Section 3.1).

IntAct [187], version 1.0.4, was also used as a source of non-DGA gold standard ( Section

3.1).

The EFO ontology [254] was used to build a dictionary containing experimental terms to
extract experimental techniques employed in biomedical literature. EFO is a structured,
hierarchical ontology developed to annotate experimental variables in biomedical research.
EFO is designed to work in conjunction with other ontologies, such as the Gene Ontology

[264], and the Human Phenotype Ontology [223] ( Section 3.1).

EDAM [255] ontology was also used to build a dictionary containing experimental terms to

extract experimental techniques employed in biomedical literature (Section 3.1).

5.3 Results and Discussion

5.3.1 Addressing Limitations in Gold Standard Data Definition

In the previous chapter, two methods were presented for defining individual datasets and the
gold standard data: the individual experimental study-based approach, which utilised
individual experimental studies as datasets, and the data source-based approach, which
utilised curated data sources as datasets. The findings from the previous chapter demonstrated

that constructing PFINs through the individual study-based approach, in which DGA
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experimental studies are used to represent individual datasets, so that each DGA experimental
study is treated as a single individual dataset, yielded superior performances in network
analysis techniques compared to the data source-based approach. Consequently, in this
chapter, the individual study-based approach was used for defining the datasets. The
individual experimental study-based approach was proven effective in defining distinct
datasets for constructing PPI PFINs, yielding promising outcomes [57], [90], [192] ( Section
2.3.3). Nonetheless, this approach presented two major issues when applied to DGA data: a
high rate of data loss and a high rate of infinity scores. The high rate of data loss and infinity
scores stems from the fact that the majority of DGA studies focus on a single disease or
related disease groups. Consequently, datasets, represented by individual DGA experimental
studies, were excluded if the diseases they focused on were not included in the gold standard.
Datasets containing diseases included in the gold standard exhibited high overlap, resulting in
infinity scores. Data loss is a significant concern because this high rate of data loss should
primarily occur due to the quality of the dataset rather than the absence of overlap between
the dataset's focus and the gold standard. Additionally, the high rate of infinity scores poses
another issue, as datasets with those scores are assigned the highest scores, leading to a lack
of variability in the confidence scores distribution. This uniformity in confidence scores
impacts the weighted sum, as datasets are integrated based on their ranking from highest to

lowest scores. Creating a gold standard that includes every disease is not currently possible.

A potential approach could be to use gold standard data of a different type, non-DGA gold
standard, such as shared pathway or high-confidence PPIs [308]. In this case datasets would
be scored on how well they reflect known cellular associations [310]. Therefore, in the
research presented here, new types of gold standard data, including PPI gold standard
(BioGRID and IntAct), and shared pathway (Reactome pathway) were investigated for use as
gold standards. These gold standards are external and separate data sources from DisGeNET.
The use of non-DGA gold standards were evaluated by comparing them with the use of DGA
gold standards defined in the previous chapter ( Section 4.3.1.2). Therefore, for individual
datasets identification, manually-curated data from DisGeNET was split by the PMID to
identify the individual experimental studies generated by DGAs. The individual experimental
studies from DisGeNET were scored against the three non-DGA gold standards.
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Interactions from BioGRID were split by throughput and experimental system type to
identify the low throughput individual studies containing physical interactions only. Dividing
BioGRID by interaction types and throughput techniques produced 775,325 total unique
physical interactions and 107,076 total unique low throughput interactions. The overlap
between physical and low throughput interactions amounted to 106,411 unique interactions
and 16,427 unique genes. Only interactions of the physical and low throughput types were
considered, self-loop interactions were removed, and only human data was used. Using low
throughput interaction studies is often favoured because they are typically considered to be of
higher quality and more reliable compared to high throughput studies, involving analysing a
smaller number of interactions. Similarly, physical interactions are often considered more
reliable than functional interactions, providing direct evidence of molecular contacts between
proteins. Therefore, low throughput and physical interactions were used to build the gold

standards. Table 5.1 shows the statistics of the interactions in BioGRID.

Interaction pathways from Reactome were also investigated for use as a source for the
non-DGA gold standard data. Only Human data was used which contains 4968 total unique
genes and 20334 total unique interactions. The UniProt gene identifiers were mapped to
NCBI identifiers. After identifier mapping, 4856 total unique genes and 19599 total unique
interactions were considered. Retrieve/ID mapping tool from UniProt was used for identifier

mapping ( Section 3.7). Self-loop interactions were removed.

Interactions from IntAct were also used as non-DGA gold standard data. Only human
interactions were used. The total number of unique genes was 1429 and only genes mapped
to NCBI were considered, in total 1413 genes. ID mapping was performed to map UniprotKB
identifier to NCBI identifier using Retrieve/ID mapping tool from UniProt ( Section 3.7). The
total number of unique interactions was 8059 and only 7994 mapped interactions were
considered. These three non-DGA gold standards were used to score the individual

experimental studies from DisGeNET (Figure 5.1).

5.3.1.1 Datasets Scoring and Integration

The division of DisGeNET by PMID produced 39,574 individual experimental studies (IES).
Out of these studies, 34,024 consist of only one gene associated with either a single disease or

multiple diseases, while 918 studies lack any shared diseases among all possible pairs of
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genes. Since the non-DGA gold standard evaluation necessitates a minimum of two genes
and at least one common disease between them, a total of 34,942 datasets could not be
evaluated using the non-DGA gold standards. The confidence scores were calculated by
scoring the datasets against the gold standard data using the Bayesian statistics approach
developed by Lee and co-workers, which calculates a log- likelihood score for each dataset
(Equation 3.1). Datasets are lost if they have poor overlap. Datasets may score infinity if they
have perfect overlap with the gold standard. The IES were assessed against the three
non-DGA gold standards: BioGRID, Reactome pathways, and IntAct, respectively. When
scored against BioGRID, 1,216 datasets were scored, with 559 of them yielding infinite
scores and 38,358 (97%) datasets were lost, resulting in a total of 23148 DGAs. Scoring I[ES
against shared pathway interactions resulted in 990 datasets, out of which 542 received
infinite scores, and 38584 (97%) were lost, producing 18954 DGAs. In the case of IntAct,
62 datasets were scored, and 32.27% of them received infinite scores, and 39512 (99.84%)
were lost, leading to a total of 4,787 DGAs.
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Figure 5.1: Non-DGA gold standard approach for scoring individual DGA experimental studies to build DGA PFINs. Three
gold standards—PPI data from BioGRID and IntAct, and shared pathways from Reactome—were used to score studies from
DisGeNET using LLS.
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Table 5.1 Statistics on the BioGRID database including the total and the type of unique genes and interactions

High Low Physical Genetic All
Type of Throughput | Throughput | Interactions | Interactions | Interactions
interaction Interactions | Interactions
Total
Unique 700810 107076 775325 15419 789507
interactions
Unique genes 24107 17356 26982 6008 27400

On average, the non-DGA gold standards showed a higher overlap with the datasets in terms
of individual genes, with approximately 75.55% for BioGRID IES, around 34.84% for
Reactome IES, and about 9.19% for IntAct IES. In contrast, the DGA gold standards
showed lower gene overlaps, with approximately 54.13% for SSA SMA, 30.94% for
HEL LEL, 35.00% for MCS SCS, 28.21% for MGS_IES, and 27.07% for OMIM IES.
However, the non-DGA gold standards had a lower overlap with the datasets in terms of
DGA, accounting for approximately 3.20% for BioGRID_IES, 1.48% for Reactome IES, and
0.12% for IntAct IES. In contrast, DGA gold standards had higher DGA overlaps, with
approximately 8.51% for SSA SMA, 3.78% for HEL LEL, 7.72% for MCS_SCS, 3.45% for
MG _IES, and 3.59% for OMIM_IES (Table 5.2).

Non-DGA gold standards including PPIs and shared pathways resulted in a high variance in
the distribution of confidence scores compared to DGA gold standards including, SSA SMA,
HEL LEL, MCS_SCS, MG _IES, and OMIM _IES as illustrated in Figure 5.2. The reduced
variance observed in the confidence score distribution for DGA gold standards can be
attributed to their higher overlap with individual datasets in terms of associations and the
subsequent higher occurrence of infinity scores (Table 5.2). DGA gold standards had a higher
rate of infinity scores with 53.45% for SSA SMA, 74.28% for HEL LEL, 54.59% for
MCS_SCS, 74.41% MG _IES, and 70.00% for OMIM_IES than for none-DGA gold
standards with 45.97% for BioGRID IES, 54.75 for Reactome IES, and 32.27 for
IntAct IES. These infinity scores contribute to minimising the variability in the LLS across
the datasets, as they all receive the maximum score and hold the same rankings. The results

indicated that one of the major issues of the identification of the gold standard in the previous
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chapter was the high rate of infinity scores (Section 4.3.2.1). However, in this research, it was
found that using non-DGA gold standards can help to reduce the high rate of the infinity

SCOr€s.

The non-DGA gold standards exhibited a lower average in the LLS distribution, with
averages of approximately 7.47% for BioGRID IES, 7.62% for Reactome IES, and 4.19%
for IntAct IES. In contrast, the DGA gold standards displayed a higher average, with
approximately 13.89% for SSA SMA, 16.33% for HEL LEL, 17.50% for MCS_SCS,
18.28% for MGS EIS, and 18.83% for OMIM IS (Figure 5.2). The lower average LLS
distribution for the non-DGA gold standards can be attributed to the limited overlap between
the gold standards and the datasets. This lower overlap is a result of using different data types
for the datasets (DGAs) and the gold standards (none-DGAs). While in DGA gold standards,
the same data types were employed for both datasets and the gold standards by scoring DGA
data against DGA data, in non-DGA gold standards, different data types were used for the
gold standards and the datasets. DGA data was scored against PPI data and shared pathway
data. Furthermore, in the case of non-DGA gold standards, the scoring involved assessing
gene-gene associations based on their disease similarity, where two genes are considered to
interact if they are involved in the same disease. This may contrast with scoring physical
interactions which are based on the direct evidence (BioGRID IES) or pathway-based
interactions (Reactome IES). It is important to note that while two genes may be associated
with the same disease, they may not necessarily exhibit physical interactions, which
BioGRID scores for. Additionally, two genes associated with the same disease may not

always be part of the same pathways, as assessed by Reactome IES.

During the scoring process, datasets may receive scores of zero or negative if they do not
have any overlap with the gold standard, resulting in data loss. Using non-DGA gold
standards led to a notably higher rate of data loss, with 97% for BioGRID_IES, 97% for
Reactome IES, and 99.84% for IntAct IES. In comparison, the DGA gold standards
experienced a lower rate of data loss, with rates like 81.53% for SSA SSA, 82.12% for
HEL LEL, 61.18% for MCS_SCS, 70.00% for MG _IES and 66.03% for OMIM_IES (Table
5.3). The high rate of data loss is a significant challenge observed in non-DGA gold
standards, stemming from various factors. One common issue shared with DGA gold

standards is the definition of the individual datasets. Treating individual studies as distinct
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datasets introduces complications, as the focus of a dataset (or study) may differ from that of
the gold standards. This approach to dataset identification has a limitation, as it may fail to
capture the overlap required for accurate scoring. Furthermore, non-DGA gold standards face
a specific challenge related to the difference in data types utilised in both the gold standards
(non-DGA data) and the datasets (DGA data). This mismatch may create an issue, rendering
it impossible to effectively score certain datasets. For instance, datasets containing only a
single gene or isolated associations, missing common diseases shared between two genes,
pose a significant scoring challenge. In fact, a high number of approximately 34,942 datasets
could not be scored against non-DGA gold standards due to this limitation. Even among the
datasets that can be scored (i.e., those containing multiple genes and common diseases), there
remains a risk of data loss during scoring. This risk arises from discrepancies between the
genes present in the datasets and those represented in the gold standards. It's important to
note that while genes may share common diseases, they are not necessarily required to
physically interact (as measured by PPI gold standards) or belong to the same pathways (as
measured by shared pathways gold standard). This disparity further complicates the scoring

process and contributes to the high rate of data loss observed in non-DGA gold standards.

Table 5.2. Gold Standard overlap. The overlap in terms of, genes, and associations of the scored datasets with non-DGA gold
standard data including BioGRID scored Individual Experimental Studies (BioGRID_IES), Reactome pathway scored Individual
Experimental Studies (Reactome_IES), and IntAct scored Individual Experimental Studiesint (Act_IES) and with DGA gold
standard data including SSA_SMA, HEL_LEL, MCS_SCS, MG_IES, OMIM_IES.

DisGeNET | BioGRID_ | Reactome_ | IntAct_ | SSA_ | HEL_ | MCS_ | MG_ | OMIM_
IES IES IES SMA LEL SCS IES IES
Genes 9469 9469 9469 9469 7669 | 8256 | 8654 8890 8994
(Datasets)
Diseases 10563 10563 10563 10563 | 7950 | 7866 | 8722 9663 9789
(Datasets)
Associations 79104 79104 79104 79104 | 66022 | 66234 | 68839 | 76655 | 76865
(Datasets)
Genes - 16427 4856 1414 5540 | 3394 | 3436 2714 2490
(Gold standard)
Diseases - - - - 6530 | 5642 | 6636 3358 3075
(Gold standard)
Associations - 106411 19599 7997 16486 | 13632 | 13355 | 3449 3219
(Gold standard)
Overlap - 75.55 34.84 9.19 54.13 | 30.94 | 35.00 | 28.21 27.07
(Genes)%
Overlap - - - - 51.52 | 39.59 | 57.00 | 25.27 26.21
(Diseases)
Overlap - 3.20 1.48 0.12 8.51 3.78 1.72 3.45 3.59
(Associations)%
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Figure 5.2. A. LLS distributions for DGA and non-DGA gold standards. (A4) DGA gold standards: SSA_SSA, HEL LEL,
MCS SCS, MG _IES, OMIM IES. (B) Non-DGA gold standards: BioGRID IES, Reactome IES, IntAct IES. (C) Combined

view. DGA gold standards showed higher LLS, indicating stronger alignment with DGA studies, as they reflect the same data

type. In contrast, lower LLS with non-DGA gold standards suggests that disease-associated genes may not interact

physically or share pathways. Non-DGA standards also showed greater LLS variability.

Table 5.3. Level of individual study loss during scoring. Datasets are lost if they have negative scores (poor overlap with the

Gold Standard) or no score (no overlap with the Gold Standard). Datasets containing a single DGA could not be scored

using non-DGA gold standards including the BioGRID, Reactome, and IntAct since a minimum of two genes are required to

assess a dataset using these gold standards. A subset of the data is excluded for use as a gold standard in some DGA gold

standards including SSA_ SMA, HEL LEL, and MCS SCS networks.

Approaches Network Negative | No score Gold Unscored Total
score Standard
Subset
DGA gold SSA_SMA 5003 5542 21719 - 32264(81.53%)
standards HEL_LEL 5162 15273 12064 ] 32499(82.12%)
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MCS_SCS 6098 12371 5744 ] 24213(61.18%)
MG_IES 338 27019 - - | 27357 (70.00%)
OMIM_IES 418 25713 - ] 26131(66.03%)
Non-DGA BioGRID_IS 2816 600 - 34942 | 38358(97.00%)
gold Reactome_IES | 1757 1885 - 34942 | 38584(97.00%)

standard
IntAct_IES 275 4295 - 34942 | 39512(99.84%)

The integration of datasets followed Lee and colleagues' method, which involves a weighted
sum approach ( Equation 3.2). The integration proceeded from the highest confidence scores
to the lowest, utilising D values of 1.2, 1.3, and 1.3 for BioGRID IES, Reactome IES, and
IntAct IES respectively (Figure 5.3.D). For comparison and evaluation purposes, three DGA
PFINs were constructed: BioGRID scored individual experimental studies (BioGRID IES
network), Reactompathway scored individual experimental studies (Reactome IES network),
and IntAct scored individual experimental studies (IntAct IES network). These DGA PFINs
were then compared with those generated in the previous chapter, which included the
SSA SMA network, HEL LEL network, MCS SCS network, MG IES network, and
OMIM_IES network (Section 4.3.2.2). The edge weights in these networks varied, reflecting
differences in the confidence score distributions and the number of datasets incorporated in
each network due to the use of different data types of gold standards during scoring (as

shown in Figure 5.3).

The non-DGA-scored networks exhibited lower average edge weight distributions, with
averages of approximately 4.52% for BioGRID IES, 4.21% for Reactome IES, and 1.85%
for IntAct IES. In contrast, DGA-scored networks had higher average edge weight
distributions, with averages of approximately 16.20% for SSA SSA, 21.68% for HEL LEL,
24.84% for MCS_SCS, 31.79% for MG _IES, and 30.01% for OMIM IES (as shown in
Figure 5.3).

DGA-scored networks showed a high correlation with each other in terms of the weighted
sum, which represents the edge weight of the networks, while none-DGA-scored networks
are highly correlated with each other, indicating that networks scored using the same type of
gold standard (either DGA or non-DGA) produce similar edge weights (Figure 5.4). For
instance, OMIM_IES and MG IES had a correlation of 0.76, while BioGRID IES and
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Reactome IES showed a similar correlation of 0.73. This correlation suggests that each type
of gold standard measures different aspects of associations between diseases and genes.
Specificallyy, DGA gold standards primarily capture biomarker associations, whereas
non-DGA gold standards focus on molecular mechanisms underlying disease associations.
DGA gold standards emphasise the identification of genetic biomarkers, while non-DGA
gold standards prioritise the investigation of molecular mechanisms involved in disease
associations, uncovering the biological processes and pathways through which genes
contribute to the development or progression of diseases. The low correlation between
DGA-scored networks and non-DGA-scored networks, for instance, BioGRID IES and
MG IES, suggests that despite genes being associated with the same disease, they may not

necessarily physically interact sharing direct evidence of interactions or involvement in the

same pathways or biological processes.
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Figure 5.3. Weighted sum distribution and D values. (A-B) Weighted sums for DGA (SSA_SMA, HEL LEL, MCS SCS,

MG IES, OMIM IES) and non-DGA (BioGRID_IES, Reactome IES, IntAct IES) gold standards. (C) Combined view shows
higher edge weights for DGA gold standards, likely due to scoring with the same data type. Lower values in non-DGA
networks suggest limited overlap in physical interaction or pathways. (D) D values used to integrate datasets, selected based

on AUC performance in link prediction: 1.1-1.5 across networks.
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While using non-DGA gold standards did lead to a higher rate of data loss in terms of
datasets, the non-DGA scored networks exhibited more edges, such as 23,148 edges for
BioGRID IES and 18,954 edges for Reactome IES, in comparison to the DGA-scored
networks with 7220 for HEL_LEL, 12495 for MCS_SCS, and 7792 for MG _IES, and 11080
for OMIM _IES. These results can be attributed to the fact that DGA gold standards tended to
score smaller datasets compared to non-DGA gold standards. Furthermore, the non-DGA
scored networks demonstrated greater connectivity, having fewer isolated connected
components, such as 253 connected components for BioGRID IES, 260 for Reactome IES,
and four for IntAct IES in contrast to the DGA scored networks with 476 connected
components for SSA SMA, 674 for HEL LEL, 1,218 for MCS_SCS, and 1254 for MG_IES
and 1038 for OMIM IES. Table 5.4 shows statistics on the DGA and non-DGA-scored

networks.

SSA_SMA 0.28 0.36

HEL_LEL - 0.10 0.01
MCS_SCS 0.21 0.19
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Figure 5.4. Correlation of DGA-scored networks by weighted sum. (4) Correlation across all networks. (B) Correlation
between DGA-scored (e.g., MG _IES, OMIM IES) and non-DGA-scored networks (e.g., BioGRID IES, Reactome_ IES).

The variations in how datasets were scored based on DGAs and non-DGA gold standards had
noticeable effects on the content and structure of the networks. Network sizes differed
between the two types of gold standards (as indicated in Table 5.4). Networks scored using
DGA gold standards featured more disease nodes but fewer genes while non-DGA-scored
networks had more genes but fewer diseases. On average, despite having fewer scored

datasets, non-DGA-scored networks, such as the BioGRID IES and Reactome IES, emerged
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as larger networks in terms of the total associations than DGA-scored networks. This result
can signify that a DGA gold standard tends to score disease-related nodes in the network,

while non-DGA gold standards tend to score gene-related nodes.

Table 5.4: Network statistics. Topological characteristics for the non_DGA scored networks and DGA scored networks:
BioGRID _IES, Reactome IES, IntAct IES. Statistics were calculated using the Cytoscape NetworkAnalyser plugin and
clustering was carried out using the Markov Clustering Algorithm (MCL).

DGA-based networks non-DGA-based networks
Topological | DisGeNET | SSA_ | HEL_ | MCS_ | MG_ | OMIM_ | BioGRID_ | Reactome_ | IntAct_
Structure (Curated | SMA LEL SCS IES IES IES IES IES
DGAs)
Number of 10563 6382 | 3050 | 5341 ] 4911 5816 2149 2005 157
disease
nodes
Number of 9469 5020 | 2069 | 3430 | 2511 2909 4852 4360 1880
gene nodes
Number of 79104 24775 | 7220 | 12495 | 7792 | 11080 23148 18954 4787
DGAs
Average 8.386 4674 | 3.664 | 3.719 | 2.780 3.120 8.530 8.231 4.700
number of
neighbours
Average gene 8.354 4431 | 3.490| 3.643 | 3.103 3.809 4771 4.347 3.123
degree
Average 7.489 3.152 | 2.367 | 2.339 | 1.587 1.905 10.772 9.453 6.267
disease
degree
Network 14 18 22 20 26 22 16 14 11
diameter
Network 7 1 1 1 1 1 1 1 1
radius
Connected 511 476 674 1218 | 1254 1028 253 260 4
components
Characteristic 4.766 5.497 | 7.328 | 7.215 | 8.410 7.695 4621 4.833 4.039
path length
Clusters 1764 1345 | 593 957 915 1156 448 433 45

5.3.1.2 Network Evaluation

The non-DGA-based networks were evaluated using the same techniques used in the previous
chapter through two different network analysis methods: link prediction and network
clustering analysis (Section 4.3.3).

Link Prediction
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The JI algorithm was used for link prediction ( Section 3.3.4, Equation 3.13). The networks
were filtered to eliminate edges with low confidence by applying edge weight thresholds.
These thresholds were determined based on both the average edge weight distribution (Figure
5.3) and AUC optimization. Specifically, thresholds of 3, 2, and 0.50 were selected for the
BioGRID _IES network, Reactome IES network, and IntAct IES network, respectively. To
assess the performance, the AUC values of the non-DGA-based networks were compared to
those of the DGA-based networks, which included the SSA_ SMA network, the HEL LEL
network, the MCS SCS network, the MG IES network, and the OMIM IES network.
Notably, the non-DGA-based networks outperformed the DGA-based networks, with AUC
values of 0.9091 for the BioGRID IES, 0.9242 for the Reactome IES, and 0.9030 for the
IntAct IES, compared to AUC values of 0.8607 for the SSA SMA, 0.8821 for the
HEL LEL, 0.9021 for the MCS SCS, 0.8713 for the MG IES, and 0.8702 for the
OMIM IES for the DGA-based networks (Figure 5.5). These enhancements were statistically

significant, as indicated by the standard error of the Wilcoxon statistic.

== SSA_SMA =0.8607 (SE:0.0025)
me— HEL_LEL =0.8821 (SE:0.0023)
MCS_SCS =0.9021 (SE:0.0027)
= MG_I|ES =0.8713 (SE:0.0020)
m—— OMIM_IES =0.8702 (SE:0.0017)
=== BioGRID_IES =0.9091 (SE:0.0025)
=== Reactome_|ES =0.9242 (SE:0.0028)
== |ntAct_IES =0.9030 (SE:0.0021)

True Positive Rate : Sensitivity

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate: 1-Specificity

Figure 5.5: ROC curves for link prediction. Non-DGA networks (BioGRID_IES, Reactome_IES, IntAct_IES) achieved higher
AUCs (e.g., 0.9242 for Reactome_IES) than DGA networks (e.g., 0.8607 for SSA_SMA), indicating better performance.
Differences were statistically significant based on the Wilcoxon test.

Clustering

The MCL algorithm (Section 3.3.2) was applied to cluster the non-DGA-based networks. The
purpose of this analysis was to evaluate the connectivity of clusters, based on the hypothesis

that diseases strongly associated with their related genes (indicated by a high confidence
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score)should be grouped within the same cluster. To test this hypothesis, the cohesion of the
network clusters was analysed by examining the relationship between diseases and their

associated genes.

The assessment of average cohesion involved calculating the average number of related genes
per disease within a cluster, the average number of related genes per cluster across the entire
network, and the overall level of network interconnectedness (Section 3.3.3.1). This approach
aimed to assess the extent to which diseases and their associated genes tended to cluster
together within the network. The analysis revealed that the clustering patterns observed in
non-DGA-based networks were less cohesive than those in DGA-based networks.
Specifically, the DGAs within the clusters in non-DGA-based networks were less related. In
contrast, the clusters in DGA-based networks tended to contain more closely related DGAs,
indicating higher cohesion and stronger associations between diseases and genes within these
clusters. Specifically, the non-DGA-based networks resulted in a smaller number of clusters,
but these clusters were larger. For instance, BioGRID IES had 448 clusters, Reactome IES
had 433 clusters, and IntAct IES had 45 clusters, with sizes ranging from 150 to three nodes.
In contrast, the DGA-based networks produced a higher number of clusters, with examples
including SSA SMA contained 1,345 clusters ranging from 468 to three nodes, the
HEL LEL network had 593 clusters ranging from 113 nodes to three nodes, MCS SCS had
957 clusters ranging from 150 nodes to three nodes. MG _IES had 915 clusters ranging from
75 nodes to three nodes, and OMIM_IES had 1,156 clusters ranging from 136 nodes to three
nodes. The reason for the smaller number of clusters in the non-DGA networks can be
attributed to their higher level of connectivity compared to the DGA-based networks. The
non-DGA-based networks exhibited lower average cluster cohesiveness, with values of 0.56,
0.45, and 0.25 for BioGRID_IES, Reactome IES, and IntAct IES, respectively, in contrast to
the DGA-based networks which showed higher average cluster cohesiveness with values of
0.81, 0.85, 0.84, 0.86, 0.87 for SSA SMA, HEL LEL, MCS SCS, MG IES, and
OMIM _IES, respectively (Table 5.5). This low average of cluster cohesion in the
non-DGA-based networks can be attributed to the distinct data types used between the
individual datasets (DGAs) and the gold standards (non-DGAs) data. In the DGA-based
networks, we assessed genes based on their association with the same diseases, either through
physical interactions (BioGRID IES) or shared pathway interactions (Reactome IES). It is

important to note that genes within a cluster may indeed be associated with the same disease,
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but they might not necessarily physically interact with each other or belong to the same
pathways. This discrepancy led to the lower average cluster connectedness in terms of the

cohesiveness of genes and their association with related diseases.

Table 5.5. A summary of the average cluster Cohesiveness for the DGA-based networks and the non-DGA-based networks.
The DGA-based networks have a higher average than the non-DGA-based networks.

Network Type Network Name Average Cluster
Cohesiveness

DGA-based networks SSA SMA 0.81
HEL LEL 0.85

MCS_SCS 0.84

MGS_IES 0.86

OMIM_IES 0.87

Non-DGA-based networks | BioGRID IES 0.56
Reactome IES 0.45

IntAct IES 0.25

It was hypothesised that when a disease is linked to a gene with a high-confidence score
(indicated by a high edge weight), this gene and its linked disease should cluster together
within a single cluster. Consequently, the average cohesiveness of these clusters should
increase when applying edge weight thresholds, which essentially reduces the number of
edges with lower confidence scores. To test this hypothesis, we introduced edge weight
thresholds to the scored networks and calculated the average cluster cohesiveness at various
levels of these thresholds to assess any improvements. The determination of the edge weight
threshold for each network was conducted individually, taking into account several factors
such as the network's average edge weight distribution, its tendency, the distribution of
cluster sizes, and the number of clusters (Figure 5.6). The goal was to select a threshold that
would not significantly affect the network's size, as changes in network size could potentially
lead to an artificial improvement in cluster connectedness. This precaution was taken to
prevent any potential scenario where an improvement in the average connectedness of
clusters could be misconstrued as solely resulting from the reduction of lowest confidence

scores, when in reality, it might be due to the resizing of the network. As a result, specific
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thresholds were chosen for each network: thresholds of 3, 2, and 0.50 were selected for the

BioGRID_IES network, Reactome IES network, and IntAct IES network, respectively.

@~ SSA_SMA
—k— HEL_LEL
MCS_SCS
—— MG_IES
- OMIM_IES
—¥— BioGRID_IES
—4 Reactome_|ES
—p— IntAct_IES

Average Cohesiveness of Clusters
°
o>

5 10 15
Edge weight threshold

Figure 5.6. Average cluster connectedness at different thresholds. DGA-based networks (SSA_SMA, HEL LEL, MCS SCS,
MG _IES, OMIM IES) show higher connectedness than non-DGA networks (BioGRID _IES, Reactome IES, IntAct IES).

The results suggest that non-DGA-based networks performed well in the task of link
prediction but exhibited poorer performance in cluster analysis. In contrast, DGA-based
networks excelled in cluster analysis but showed a lower average performance in link
prediction. Consequently, each approach has its own strengths and can be valuable for
specific applications. For instance, non-DGA based networks can be advantageous in link
prediction applications, while DGA-based networks can be particularly useful in cluster

analysis applications.

5.3.2 Addressing Limitations in Network Analysis Techniques

Network performance analysis techniques, such as link prediction for bipartite networks,
present certain limitations (4.3.3.1). To address these limitations, the bipartite networks were
collapsed into unipartite networks, simplifying the evaluation process. In this section, the
DGA-based networks and non-DGA-based networks were collapsed into Gene-Gene
association (GGA) networks and into Disease-Disease Association (DDA) networks (Figure
5.7). Subsequently, MCL clustering algorithm was independently applied on these networks

to identify the densely interconnected clusters. The disease clusters were evaluated by testing
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if they participate in the same biological processes, share the same drugs, share the same
genes, have disease semantic similarity than randomly selected diseases (Section 3.3.3.2).
The gene clusters were then assessed using gene enrichment analysis ( Sections 3.3.3.3). The
investigation included the examination of both functional homogeneity, which assesses the
functional consistency within clusters, and functional specificity, which gauges the
uniqueness of a cluster's function in relation to other clusters. The functional homogeneity

and specificity of the clusters were evaluated in terms of MF, BP, and CC.

o
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= °oo°
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GGA PFINs DGA PFINs DDA PFINs

Figure 5.7. Collapsing DGA PFINs into GGA and DDA PFINs. In GGA PFINs, nodes are genes linked by shared disorders;
in DDA PFINs, nodes are disorders linked by shared genes. Confidence scores are based on integrated DGA evidence,
ranked from highest to lowest.

5.3.2.1 Collapsing Disease-Gene Association PFINs to Gene-Gene Association PFINs and
Disease-Disease Association PFINs

Starting from the DGA scored datasets including SSA SMA, HEL LEL, MCS SCS,
MG IES, and OMIM IES, and the non-DGA scored datasets including, BioGRID IES,
Reactome IES, and IntAct IES, GGA PFINs, and DDA PFINs were generated. In the GGA
PFINs, nodes represent genes, and two genes are connected to each other if they share at least
one disorder in which disorders are associated with both genes. In the DDA PFINs, nodes
represent disorders, and two disorders are connected to each other if they share at least one
gene in which genes are associated with both disorders. The weight of an edge was generated
by integrating the collapsed evidence (DGAs) that are implicated in both genes in the case of
GGA PFINs and in both diseases in the case of DDA PFINs, from the highest score to the

lowest scores using a weighted sum developed by Lee and colleagues ( Equation 3.2). Figure

153



Chapter 5: Constructing Disease-Gene Association PFINs with Gene-Gene Association Gold

Standards

5.8 shows the edge weight distribution of collapsed GGA PFINs: collapsed DGA-based
networks including the GGA SSA SMA, the GGA HEL LEL, the GGA MCS_SCS, the
GGA_MG IES, and the GGA _OMIM IES, and the collapsed non-DGA-based networks
including the GGA BioGRID IES, the GGA Reactome IES, and the GGA_ IntAct IES.

The GGA PFINs and the DDA PFINs were clustered using the weighted MCL clustering

algorithm (Section 3.3.2). Subsequently, The disease clusters and gene clusters were

evaluated ( Section 3.3.3).
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Figure 5.8. Edge weight distribution in collapsed networks. (A) DGA-based networks: GGA_SSA_SSA, GGA_HEL LEL,

GGA_MCS_SCS, GGA_MG _IES, GGA_OMIM _IES. (B) Non-DGA-based networks: GGA_BioGRID_IES,

GGA_Reactome_ IES, GGA_IntAct IES.

5.3.2.2 Gene Cluster Evaluation

To assess the cohesiveness of gene clusters, the functional enrichment analysis was

performed in order to find the GO terms in biological processes, which are significantly

represented (enriched) by the genes in the resulting clusters. Functional enrichment analyses

and measures for functional specificity were used to evaluate functional relevance and
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specificity of clusters of the GGA PFINs ( Section 3.3.3.3). Functional homogeneity,
functional heterogeneity and functional specificity were evaluated. Table 5.6. The number

and the average size of clusters for the collapsed GGA PFINs.

The clusters of the collapsed GGA PFINs were detected using MCL algorithm and analysed
to investigate how biological processes affect the functional properties of the clusters. The
clusters were evaluated in terms of functional coherence and specificity by using measures
developed in [135]. The number of clusters for the collapsed GGA PFINs varied among the
DGA-based networks and non-DGA-based networks considerably. It was found that the
number of clusters for the collapsed DGA-based networks (101 for GGA_SSA SMA, 108
for GGA_ HEL LEL, 101 for GGA MCS SCS, 156 GGA_ MG _IES, 188 GGA
OMIM IES), is much more than that of non-DGA-based networks (42 for GGA
BioGRID IES, 69 for GGA_Reactome IES, 211 for GGA IntAct IES). The size of
clusters for the collapsed GGA PFINs range from two to 3823. Clusters of size two were not
considered in the cluster evaluation. Figure 5.9 shows cluster size distribution for the
collapsed GGAPFINs. The average size of the clusters for DGA-based networks (46 for
collapsed SSA_SMA, 13 for GGA_HEL LEL, 46 for GGA MCS_SCS, 8 GGA_MGS _IES,
and 10 GGA OMIM IES) is smaller than that of non-DGA-based networks (109 for
GGA_BioGRID IES, 60 for GGA Reactome IES, 9 for GGA_ IntAct IES). The lower
number and bigger size of clusters for collapsed non-DGA-based networks compared to
collapsed DGA-based networks is due to the fact that the collapsed non-DGA-based

networks were more connected than the collapsed DGA-based networks.

Table 5.6. A summary of the average cluster sizes for the DGA-based networks and the non-DGA-based networks. The
DGA-based networks have a higher average than the non-DGA-based networks.

Network Name Number of Average Cluster
Clusters Size
GAA_SSA_SMA 101 46
GGA_HEL_LEL 108 13
GGA_MCS_SCS 101 46
GGA MGS IES 156 8
GGA_OMIM_IES 188 10
GGA_ BioGRID_IES 42 109
GGA_ Reactome IES 69 60
GGA__IntAct IES 211 9
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Figure 5.9. A. Cluster size distribution for the collapsed DGA-based networks. B. The average size of the cluster for

collapsed non-DGA networks. C. Cluster size distribution for all GGA networks.
Genes clusters tend to share the same functional profile. To study functional relevance of

these clusters, the clusters from all the collapsed GGA PFINs were tested for their biological
relevance by using functional enrichment analysis. The enriched function set F'is given by
the union of all significantly enriched functions across clusters and functional specificities of
the set of enriched functions were computed for each collapsed GGA PFINs. Three measures
developed in [135] to evaluate the gene clusters: functional homogeneity, functional
heterogeneity, and function specificity (Table 5.7). Functional homogeneity of a cluster
quantifies functional consistency of a cluster as defined by the maximal fraction of genes

associated with a biological function. The homogeneity ranges from 0 to 1 where a value of 1
indicates that all genes in the cluster exhibit that function. A cluster’s heterogeneity value

estimates how specific a function is for a particular cluster. Functional specificity value
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measures how exclusively the cluster is enriched by the specific biological function (Section

3.3.3.3).

Table 5.7 A summary of the average cluster Homogeneity, Heterogeneity, and Specificity for the gene clusters of the

collapsed DGA-based networks and the collapsed non-DGA-based networks. The collapsed DGA-based networks have a
higher average than the collapsed non-DGA-based networks.

Collapsed GGA Average of Average of Average of
Networks Cluster Cluster Cluster
Homogeneity | Heterogeneity Specificity
DGA-based Networks GGA_SSA SMA 0.50 0.022 57.501
GGA_HEL_LEL 0.51 0.018 55.512
GGA MCS_SCS 0.50 0.018 57.501
GGA_MG_IES 0.65 0.012 87.653
GGA_OMIM_IES 0.57 0.011 93.572
Non-DGA-based GGA_BioGRID_IES 0.51 0.042 20.511
Networks
GGA _IntAct_IES 0.22 0.32 4.552
GGA_Reactome IES 0.58 0.022 45.583

The collapsed DGA-based networks produced averages of biological process homogeneity
values with 0.50, 0.51, 0.50, 0.65. and 0.57 for GGA_SMA_ SSA, GGA HEL LEL,
GGA_MCS _SCS, GGA MG IES, and GGA_OMIM IES, respectively). The collapsed
non-DGA-based networks produced averages of biological process homogeneity with 0.58 ,
0.51, and 0.26 for GGA_BioGRID IES, GGA Reactome IES, and GGA IntAct IES). On
average, the GGA MG IES and the GGA OMIM IES, GGA Reactome IES were

observed to be the highest homogeneity of the biological processes (0.65, 0.58, 0.57). Figure

5.10 shows the distribution of gene cluster homogeneity.

The collapsed DGA-based networks produced lower average of biological process
heterogeneity values (with 0.022, 0.018, 0.018, 0.012, 0.011, and 0.022 for GGA_SMA _SSA,
GGA HEL LEL, GGA MCS_SCS, GGA_MG IES, and GGA OMIM IES) respectively,
than collapsed non-DGA-based networks (with 0.042 , 0.022, and 0.32 for GGA
BioGRID IES, GGA Reactome IES, and GGA IntAct IES). On average, GGA MG IES,
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GGA_OMIM _IES were observed to be the lowest heterogeneity (0.0.12 and 0.011) . Figure
5.11 shows the distribution of genes clusters hetergenity. The collapsed DGA-based networks

produced higher average of biological process specificity values (with 57.50%, 55.51%,
57.50%, 87.65%, and 93.57%, for GGA _SMA SSA, GGA HEL LEL, GGA MCS_SCS,

GGA MG IES, and GGA_OMIM IES, respectively) than collapsed non-DGA-based
networks (20.51% , 45.58%, and 4.55% for GGA BioGRID IES, GGA Reactome IES, and

GGA _IntAct IES) (Figure 5.12).
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Figure 5.10. Gene cluster homogeneity (biological processes) in collapsed GGA networks. (4) DGA-based, (B)

non-DGA-based, (C) all networks.
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non-DGA-based, (C) all networks.

5.3.2.3 Disease Cluster Evaluation

The disease clusters, identified from the collapsed DDA networks, were analysed using the
four similarity measures developed in [260]: the disease semantic similarity, disease genetic
similarity, disease biological process similarity and disease treatment similarity ( Section
3.3.3.2). To assess the cohesiveness of the disease clusters, we looked for similarities between
disease pairs within clusters. The hypothesis was that if two diseases are associated with a
high confidence score (edge weight), then they should be clustering together in one
community, and therefore they should have common biological pathways and genes. To test
this hypothesis, the average of biological process similarity, shared genes, disease semantic
similarity, and shared drugs were calculated for each disease pair in each cluster, and then the
overall average of similarity of the network was calculated. For each collapsed DDA
network, a random network was built with the same network structure, and preserved degree
and edge weight distributions using the configuration mode method [266], [267]. For each
collapsed DDA network, we generated 100 random networks and computed the average

shared genes, shared drugs, biological process similarity and semantic similarity in each
cluster for each network for comparison.

The disease clusters of the collapsed DGA-based networks, including DDA SMA_ SSA,

DDA HEL LEL, DDA MCS SCS, DDA MG IES, DDA OMIM IES, had a higher
average of similarity measures compared to non-DGA-based networks, including
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DDA BioGRID IES, DDA Reactome IES, and DDA IntAct IES. The DDA OMIM IES
had the highest average of shared genes with 0.78 , shared drugs with 0.69, disease semantic
similarity with 0.27, and genetic similarity with 0.74. Table 5.8 shows statistics for shared
genes, drugs, disease semantic similarity, and biological process similarity of disease clusters
of the collapsed DDA networks and the random disease clusters. The disease semantic
similarity of the clusters in all networks is low, with specific values being 0.21 for
DDA SMA SSA, 0.23 for DDA HEL LEL, 0.17 for DDA _MCS SCS, 0.25 for
DDA MG IES, 0.27 for DDA _OMIM IES, 0.14 and 0.15 for DDA BioGRID IES, and
0.12 for DDA IntAcr IES. These low values are due to the limitations in disease identifier
mapping between DisGeNET, which uses UMLS, and Disease Ontology, which uses Disease
Ontology identifiers. Only 0.24% of DisGeNET diseases were mapped to the Disease
Ontology. Consequently, some clusters had no mapped diseases and were not considered in

the evaluation of disease semantic similarity.

Table 5.8. Statistics for shared genes, shared drugs, disease semantic similarity, and biological process similarity for the

disease clusters of the collapsed DGA-based networks and the collapsed non-DGA networks.

Networks Collapsed DDA Similarity Average Average
networks Measures similarity | similarity for
for disease random
clusters clusters
DDA_SMA_SSA Shared genes 0.57 1.2E-3
Shared drugs 0.49 0.06
Disease semantic 0.21 0.15
similarity
Gene semantic 0.54 3.2E-6
similarity
DDA _HEL _LEL Shared genes 0.67 2.8E-4
Shared drugs 0.50 0.10
Disease semantic 0.23 0.18
similarity
Gene semantic 0.52 4.2E-4
similarity
DDA_MCS_SCS Shared genes 0.71 4.3E-5
DGA-based Shared drugs 0.44 0.08
networks
Disease semantic 0.17 0.12
similarity
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Gene semantic 0.63 6.3E-5
similarity
DDA_MG_IES Shared genes 0.74 1.9E-5
Shared drugs 0.68 0.03
Disease semantic 0.25 0.11
similarity
Gene semantic 0.64 3.2E-6
similarity
DDA OMIM IES Shared genes 0.78 0.004
Shared drugs 0.69 0.16
Disease semantic 0.27 0.14
similarity
Gene semantic 0.74 2.4E-5
similarity
DDA_BioGRID_IES Shared genes 0.42 1.3E-7
Shared drugs 0.36 0.07
Disease semantic 0.14 0.09
similarity
Gene semantic 0.39 1.3E-8
similarity
DDA _ Reactome IES Shared genes 0.51 7.9E-8
Shared drugs 0.44 0.06
Disease semantic 0.15 0.04
similarity
Gene semantic 0.49 3.5E-3
similarity
non-DGA-based DDA _IntAct_IES Shared genes 0.42 7.9E-4
networks - -
Shared drugs 0.32 0.09
Disease semantic 0.12 0.03
similarity
Gene semantic 0.35 1.4E-3
similarity

5.3.3 Addressing Limitations in Individual Datasets Definition

The results indicated that an individual experimental study-based approach has major
drawbacks, including a high rate of data loss and infinity scores in both types of gold
standard data, including the DGA gold standards and the non-DGA gold standards. Even
though in non-DGA gold standards, the rate of infinity scores was reduced, the high rate of
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data loss is due to the fact that an individual DGA experimental study focuses on a single
disease or a group of related diseases. Treating an individual study as a single dataset leads to
data loss when scoring against the gold standard data if the gold standard does not contain the
study's diseases of interest. Using non-DGA gold standards by treating diseases from an
individual study as a dataset, and thereby scoring all DGAs for a disease on how well they
reflect known biology, led to a high rate of data loss. The majority of the DGA experimental
studies contain only a single gene, making it impossible to score them against non-DGA gold
standards. Therefore, this section provides solutions to the limitations of the dataset

definition.

5.3.3.1 Identification of individual datasets based on Disease-Gene Association Type
Ontology

In this section, disease-gene association type ontology was used to define the individual
datasets for DGAs. The DisGeNET 7.0 SQLite’” database was downloaded to extract the
disease-gene association type for gene-disease associations since these are not available in
the TSV files DisGeNET releases. The “geneDiseaseNetwork™ table was extracted. Figure
B.1 represents the SQL schema of the DisGeNET sqlite database.

Then, curated DGAs from DisGeNET were split by the “associationType” to define separate
DGA datasets. The DisGeNET association type ontology was developed by DisGeNET. All
DGA types from the original data sources are formally constructed from a
parent GeneDiseaseAssociation class if there is an association between the gene and the
disease and represented as ontological classes. The DisGeNET association type ontology is

shown in Figure B.2.

Splitting curated DGAs from DisGeNET by association types produced nine datasets,
including ChromosomalRearrangement, Biomarker, SusceptibilityMutation, FusionGene,
Therapeutic, GermlineModifyingMutation, GermlineCausalMutation, GeneticVariation, and
SomaticCausalMutation. Unfortunately, only two datasets were unique: Biomarker and
Therapeutic, whereas all the remaining association types are subsets of Biomarker and
Therapeutic (Figure 5.13). Therefore, a total of two unique evidence types are only available.

The majority of DGA had Biomarker association type with 74865 DGAs, and the smallest

* https://www.disgenet.org/downloads

163


https://www.disgenet.org/downloads

Chapter 5: Constructing Disease-Gene Association PFINs with Gene-Gene Association Gold
Standards

dataset was GermlineModifyingMutation with 62 DGAs. Since the concept of PFINSs is based
on integrating multiple and unique evidence types, this approach was not suitable for defining
individual datasets. Table 5.9 shows the nine datasets and their size after splitting the DGAs
from DisGeNET by association type ontology.

Table 5.9 Nine disease-gene datasets based on DisGeNET disease-gene association types. These datasets were generated by

splitting the disease-gene associations according to association type ontology, and their sizes are presented.

Datasets Size
Chromosomal Rearrangement 188
Biomarker 74865
Susceptibility Mutation 459
Fusion Gene 236
Therapeutic 4662
Germline Modifying Mutation 62
Germline Causal Mutation 4920
GeneticVariation 6034
Somatic Causal Mutation 198

Mutation
Chromosomal
Germline

Modifying
Biomarker Genetic Variation Mutation

DGA Association Susceptibility
Mutation
m

Somatic Causal

Mutation

Figure 5.13. Nine datasets from DisGeNET curated DGAs split by association type, identifying two unique types:
Therapeutic and Biomarker.
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5.3.3.2 Text Mining Approach to Individual Dataset Definition

The findings indicated that employing individual DGA experimental studies as
representations of datasets resulted in a significant loss of data for two main key reasons.
Firstly, individual DGA studies typically focus on a specific disease or related disease groups
that may not align with the Gold Standard data. Secondly, when using the non-DGA gold
standards, only a limited number of DGA experimental studies can be scored. This limitation
arose because the majority of studies contained either a single DGA or multiple DGAs
containing only one single gene. Consequently, utilising this approach was inappropriate for
defining individual datasets for the application of the PFIN approach on DGA data. Although
the treatment of individual studies as datasets has been employed in PPI PFINs and has
demonstrated a minimal data loss rate. Employing multiple experimental studies rather than a

single study as treating them as individual datasets may solve the issue of data loss.

In this section, a text mining approach was applied on biomedical literature to define
individual datasets. The aim was to extract the experimental techniques utilised in DGA
experimental studies. Subsequently, Individual DGA experimental studies were clustered
based on the similarity of their experimental techniques. Each cluster contains a group of
experimental studies sharing common experimental techniques. Each single cluster was then
treated as a single individual dataset representing a separate and unique evidence supporting

an DGA.

Two distinct approaches were employed: the abstract-based approach which is based on
abstract content and the method-based approach which is based on the method’s section's
content. Each approach has its benefits and limitations. For instance, in the abstract-based
approach, the majority of abstracts in PMC articles are accessible while only a few numbers
of articles where the methods section can be accessed since most of the articles are not open
access. In contrast, the method-based approach provides more details since the method
sections of articles typically contain more details about the experimental techniques used in
experimental studies whereas abstracts typically lack detailed information about the methods

used in papers, providing only a high-level description.
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Extracting Abstracts and Methods from DGA Experimental Studies in the Biomedical

Literature

The abstracts and methods sections of the curated individual experimental studies articles
from DisGeNET were extracted from the literature. First, the list of PubMed IDs of the
curated DGA experimental studies extracted from DisGeNET. Second, the PubMed IDs were
used to extract the abstract texts in an XML file from the Pubmed database. Third, the
PubMed IDs were mapped to PMC IDs to extract the full-text PMC articles in an XML file
from the PMC database. Fourth, The XML files were parsed to extract abstract sections and
method sections. The total number of curated experimental studies from DisGeNET was
39574 PubMed IDs. The total number of Pubmed IDs that mapped to PMC IDs was 13616.
The number of articles that had Abstracts was 37,826. The number of articles that were
open-accessed and available for downloading of the full text as XML files was only 1274.
The total number of articles that had abstracts and were open-accessed was 719 ( Section

3.5.1 for the details of parsing PMC database).

After the text for the abstracts and methods were obtained from the literature, the next step
was to construct a dictionary including the common terms associated with experimental
techniques employed in DGA studies. This dictionary was used for mining DGA
experimental techniques employed in biomedical literature. The next section describes the

creation of a robust dictionary containing relevant terms of DGA experimental techniques.

Construction of DGA Experimental Techniques Dictionary

The Experimental Factor Ontology (EFO) and the Ontology of bioscientific data analysis and
data management (EDAM) were used to build the dictionary of the DGA experimental
technique terms. Through the exploration of these two ontologies using an ontology editing
and visualisation tool, it was discovered that the branches containing relevant terms related to
DGA experimental techniques correspond to the "Planned Process" class in EFO and the
"Topic" class in the EDAM. The Topic class from EDAM had 263 terms whereas the Planned
Process class from EFO had 848 terms and the total unique terms extracted from EDAM and
EFO was 1093. The two ontologies contain equivalent terms with different names. For

instance, in the EFO, there is a term labelled 'polymerase chain reaction,’ while in the
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EDAM, a similar term is denoted as 'PCR experiment.' These types of terms were mapped to

a unique term using equivalent synonyms ( Section 3.5.2 for the details of ontology parsing).

Mining DGA Experimental Techniques from Abstracts and Methods Sections

The 37,825 articles containing abstracts were mined for abstract DGA experimental
technique terms using the DGA experimental techniques dictionary, resulting in 19,215
articles with abstract-mined DGA experimental technique terms. Additionally, the 1,274
full-text articles were mined for method section DGA experimental technique terms using the
same dictionary, yielding 1,233 articles with method-mined DGA experimental technique
terms. Among these, 719 articles had both abstracts and methods sections, containing
abstract-mined DGA experimental technique terms and method-mined DGA experimental
technique terms. Table 5.10 shows statistics on the articles with abstracts and methods
sections and their mined DGA experimental technique terms. Figure 5.14 and 5.15 shows the
frequency of the abstract-mined DGA experimental technique terms and the method-mined

DGA experimental technique terms, respectively.

Table 5.10. Statistics on the abstract and method sections of PMC articles in DisGeNET.

Number of articles from DisGeNET 39574

Number of articles with abstracts 37825

Number of articles with mined terms in 19215
their abstracts

Number of articles with methods 1274

Number of articles with mined terms in 1233
their methods

Number of articles with abstract and 719
methods
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For articles with both abstracts and methods sections, the consistency between the sets of
terms mined from the abstracts and those mined from the methods was examined. A high
degree of consistency was observed , as the majority of terms in the abstract-mined set were
also found in the method-mined set for the same article. In contrast, few terms present in the
method-mined set were found in the abstract-mined set and this due to the high level of detail
provided in the methods sections, resulting in a more extensive list of experimental
techniques. Nevertheless, overall consistency was maintained, as all terms identified in the

abstract mined set were also present in the method-mined set. To assess the consistency of
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abstract-mined DGA experimental technique terms with method-mined DGA experimental
technique terms, the ratio of abstract-mined DGA experimental technique terms identified in
the method-mined set to the total number of terms in the abstract-mined set was computed for
each article. Conversely, to measure the consistency of method-mined DGA experimental
technique terms with abstract-mined DGA experimental technique terms, we calculated the
ratio of method-mined DGA experimental technique terms found in the abstract-mined set to
the total number of terms in the method-mined set. For an overarching measure of overall
consistency, it was determined the ratio of the total number of common terms between the
abstract-mined set and the method-mined set to the total number of terms in the combined

abstract-mined and method-mined sets (Figure 5.16).
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Figure 5.16. Ratio distribution of abstract-mined and method-mined DGA technique terms. (A) Abstract terms found in the
method-mined set. (B) Method terms found in the abstract-mined set. (C) Common terms relative to the total combined
terms.method-mined set.
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Clustering DGA Experimental Studies Based on Experimental Techniques Extracted from

Abstract

The 19215 experimental studies with abstract-minded terms were clustered based on their
abstract-mined DGA experimental technique terms using the hierarchical clustering method.
Hamming distance was used as the metric distance because it resulted in the highest values of
the CPCC ( Section 3.5.3) as well as Hamming distance is suitable for binary classification,
aligning with the binary representation of our data. Table 5.11 shows the values of CPCC
when using different distance metrics with Hamming resulting in the highest values of CPCC
( Section 3.5.3 for the details of the clustering method). Regarding the selection of the
linkage method, Ward’s linkage method was used due to its ability to yield higher CPCC
values, as demonstrated in Table 5.12. In hierarchical clustering, various linkage methods are
used to determine how clusters are formed. The choice of linkage method can significantly

impact the resulting hierarchical clustering.

Table 5.11. Systematic analysis of distance metric selection in the hierarchical clustering of the experimental studies based
on abstract-mined DGA experimental technique terms. The table shows a systematic analysis of the chosen distance metric.
Hamming distance was selected as it yielded higher values of PCC which was used as an evaluation metric for the quality of
clusters. Furthermore, the choice of Hamming distance aligns well with our binary data representation.

Metric distance CPCC
Hamming 0.60
Euclidean 0.48

Jaccard 0.46
Cosine 0.47
Correlation 0.48

Table 5.12. Systematic Analysis of linkage method selection in hierarchical clustering of experimental studies based on
abstract-mined DGA experimental technique terms. The table shows a systematic analysis of the chosen linkage method.
Ward's linkage was selected as it yielded higher values of PCC which was used as an evaluation metric for the quality of
clusters.

Linkage Methods CPCC
Ward’s Linkage 0.60
Single 0.55
Complete 0.57
Average 0.82 (only one cluster)
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Centroid 0.81 (only one cluster)
Median 0.43
Weighted 0.56

To choose the distance threshold for clustering, systematic analysis of the clusters based on
Silhouette scores was applied ( Section 3.5.3.1). Silhouette score compares each study within
the clusters with other studies in the same cluster, minimising the distance between studies in
one cluster and comparing the studies in the cluster with other studies in the other clusters,
maximising the distance between studies in different clusters. A distance threshold cutoff of
0.02 was selected, as it produced higher Silhouette score values which suggested
well-matched studies within their own clusters while maintaining a distinct separation from
neighbouring clusters as shown in table 5.13. A good number of clusters with an appropriate
size of studies were identified. Choosing a threshold of 0.00 gave the highest results;
however, some clusters contained only a single study, which is not suitable for representing
individual datasets. Figure 5.17 shows the hierarchical clustering of the experimental studies
based on the abstract-mined DGA experimental technique terms using hamming distance and

the threshold distance between data points (studies) in a single cluster was 0.02 .

Table 5.13. Systematic analysis of distance threshold selection of the hierarchy clustering of the experimental studies based
on abstract-mined DGA experimental technique terms. The table presents a systematic analysis of the chosen distance
threshold based on a Silhouette Score which minimises distances within studies clustered together and maximises distances
between studies in different clusters.

Thresholds #Clusters Silhouette Score
0.00 1311 0.96
0.01 701 0.93
0.02 321 0.88
0.03 186 0.83
0.04 132 0.80
0.05 100 0.77
0.06 79 0.73
0.07 67 0.70
0.08 52 0.67
0.09 47 0.66
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0.1 36 0.63
0.2 18 0.50
0.3 11 0.44
04 7 0.35
0.5 6 0.33
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Figure 5.17. Hierarchical clustering of DisGeNET DGA experimental studies using abstract-mined technique terms. A cutoff
distance of 0.02 was used to optimise cluster separation, resulting in 321 clusters. Clustering was based on Hamming

distance, with vertical lines representing datasets and colours indicating clusters. The vertical axis shows linkage distance
(dissimilarity).

Clustering DGA Experimental Studies based on Experimental Techniques extracted from

Methods Sections

Similarly, the 1233 experimental studies with method-mined DGA experimental technique
terms were also clustered based on their method-mined DGA experimental technique terms.
The hierarchical clustering method was chosen to group studies with similar terms together
into cohesive clusters. Hamming distance was used as the metric distance, due to the highest
values of CPCC. Table 5.14 shows the values of CPCC when using different distance metrics
with Hamming resulting in the highest values of CPCC. Regarding the selection of the
linkage method, Ward’s linkage method was used due to its ability to yield higher CPCC

values, as demonstrated in Table 5.15.
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Table 5.14. Systematic analysis of distance metric selection in the hierarchical clustering of the experimental studies based
on method-mined DGA experimental technique terms. The table shows a systematic analysis of the chosen distance metric.
Hamming distance was selected as it yielded higher values of PCC which was used as an evaluation metric for the quality of

clusters. The choice of Hamming distance aligns well with our binary data representation.

Metric distance CPCC
Hamming 0.35
Euclidean 0.31
Jaccard 0.19
Cosine 0.19
Correlation 0.27

Table 5.15 Systematic Analysis of linkage method selection in the hierarchical clustering of the experimental studies based
on method-mined DGA experimental technique terms. The table shows a systematic analysis of the chosen linkage method.
Ward’s linkage was selected as it yielded higher values of PCC which was used as an evaluation metric for the quality of
clusters.

Linkage Methods CPCC
Ward’s Linkage 0.40
Single 0.30
Complete 0.27
Average 0.18
Centroid 0.16
Median 0.14
Weighted 0.11

To choose the distance threshold for clustering, systematic analysis of the clusters based on
Silhouette scores was applied. A distance threshold cutoff of 0.04 was selected, as it
produced higher Silhouette score values which suggested well-matched studies within their
own clusters while maintaining a distinct separation from neighbouring clusters as shown in
table 5.16. Figure 5.18 shows the hierarchical clustering of the experimental studies based on
the abstract-mined DGA experimental technique terms using hamming distance and the

threshold distance between data points (studies) in a single cluster was 0.04 .
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Table 5.16. Systematic Analysis of Distance Threshold Selection of the hierarchy clustering of the experimental studies based
on method-mined DGA experimental technique terms. The table presents a systematic analysis of the chosen distance
threshold based on a Silhouette Score which minimises distances within studies clustered together and maximises distances

between studies in different clusters.

Thresholds #Clusters Silhouette Score
0.00 242 0.24
0.01 212 0.21
0.02 154 0.18
0.03 109 0.15
0.04 81 0.12
0.05 58 0.10
0.06 39 0.09
0.07 30 0.07
0.08 23 0.06
0.09 18 0.05
0.1 12 0.04
0.2 3 0.04
0.3 2 0.05
0.4 1 0.10
0.5 1 0.10
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Figure 5.18. Hierarchical clustering of experimental studies using method-mined DGA technique terms. A cutoff distance of

0.0 !
Experimental Studies

0.04 was applied, resulting in 81 clusters representing individual datasets.
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To explore the consistency between clusters of experimental studies based on abstract-mined
DGA experimental technique terms and those based on method-mined DGA experimental
technique terms, a subset of experimental studies with both abstract-mined and
method-mined DGA experimental technique terms (total of 719 studies) were subjected to a
two-step clustering process. Initially, the experimental studies were clustered based on
abstract-mined DGA experimental technique terms, followed by a separate clustering based
on method-mined DGA experimental technique terms. Subsequently, an examination was
conducted to assess the consistency between clusters derived from abstract-based clustering
and those resulting from method-based clustering. Figure 5.19 shows the clustering of these
studies based on abstract-mined DGA experimental technique terms and method-mined DGA

experimental technique terms.

The consistency between clusters based on abstract-mined DGA experimental technique
terms and method-mined DGA experimental technique terms was not high. This discrepancy
arises because abstracts generally lack detailed information about experimental techniques
compared to the methods section. Consequently, the list of terms extracted from abstracts is
shorter and less comprehensive than that from the methods section. This difference in
information can influence clustering results, leading to variations in the clusters formed from
the same experimental studies due to differing lists of experimental techniques used in the
clustering. Figure 5.20 illustrates the similarity between clusters of the experimental studies

based on abstract terms and the clusters of the experimental studies based on method terms.

Furthermore, the number of articles with open access is only 1233, limiting the pool of
articles with accessible methods sections from which to extract experimental techniques.
Another issue is the construction of the dictionary used for text mining. Dictionary
construction is one of the most essential steps in a text mining approach. Unfortunately, the
current dictionary contains noise terms such as 'Biochemistry,' 'Biology,' 'Chemistry,' and
'Drug discovery.! These terms are too general and do not accurately reflect the specific
experimental techniques used. Building a dictionary is complex and requires manual curation
by experts. The accuracy and comprehensiveness of the dictionary significantly affect the
results of the text mining approach. Therefore, developing a precise and extensive dictionary

is imperative and would form the basis of future studies. Ensuring that the dictionary
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accurately represents the experimental techniques will enhance the reliability of clustering

results and improve the overall effectiveness of the text mining process.

A. B.

Figure 5.19. Clustering of experimental studies with both abstract- and method-mined DGA technique terms. (4) Clustering
based on abstract-mined terms. (B) Clustering based on method-mined terms.

Clusters based on Method-Mined Terms
|
|

E m m m ~00
Clusters based on Abstract-Mined Terms

Figure 5.20. Similarity between clusters based on abstract- and method-mined DGA technique terms. Heatmap colour
intensity indicates the degree of similarity.
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5.4 Conclusion

In this chapter, the limitations identified in the previous chapters were addressed by focusing
on three main aspects: the definition of gold standard data, the definition of individual

datasets, and the evaluation of network performance.

For the gold standard identification, we introduced a new type of gold standard data.
Specifically, non-DGA gold standards, including PPI data and pathways data, were utilised to
score DGA datasets. This approach reduced the incidence of infinite scores. However, the
rate of data loss remained high. Using non-DGA gold standards introduced issues where the
individual datasets cannot be scored against the gold standard. This occurs when a dataset
contains only a single gene associated with multiple diseases or when the diseases in the
dataset have no common genes, making it impossible to score against PPI or pathways gold
standard data. Another issue that leads to a high rate of data loss arises when using non-DGA
gold standards due to the discrepancy between the data types of the individual dataset (DGA
data) and the gold standard (non-DGA data). The scoring may be reduced because the genes
involved in the same disease might not share the same pathway (as scored by pathways data)

or might not physically interact (as scored by PPI data).

The use of individual experimental studies as separate datasets contributed to data loss
because DGA experimental studies often focus on a single disease or a related group of
diseases, which may not be represented in the gold standard. Since it is impractical to have a
DGA gold standard that encompasses all diseases, using multiple experimental studies as
individual datasets can help mitigate data loss. Consequently, we introduced a novel text
mining approach to group experimental studies into individual datasets based on shared
experimental techniques. This method aimed to reduce data loss by creating more
comprehensive datasets in terms of diseases. This novel approach was introduced that
involved extracting DGA experimental techniques employed in DGA experimental studies
from biomedical literature. This approach applied a text mining methodology using the terms
defined in the EFO and EDAM ontologies. Furthermore, the DGA experimental studies were

clustered based on their similarity in experimental techniques
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Despite the initial results from text mining demonstrating promising outcomes, this approach
has certain limitations. First, mining experimental techniques from abstracts does not yield
accurate results because abstracts tend to provide summaries rather than detailed descriptions
of the experimental techniques used. Many abstracts only include one or two sentences
describing the methods, which is insufficient for detailed analysis. Second, not all articles are
open access, limiting our ability to mine the more detailed methods sections. Third,
constructing a dictionary that accurately represents the experimental techniques used to
generate DGA data is complex and requires manual curation to ensure it includes the specific
terms used in biomedical literature. Existing experimental ontologies often contain noise and
general terms, which do not accurately reflect the experimental techniques used. The
effectiveness of the text mining approach is highly dependent on the quality and
comprehensiveness of the dictionary used, which contains terms for experimental techniques
applied to generate DGAs. Dictionary construction is regarded as one of the most critical
steps in the text mining process. A well-constructed and comprehensive dictionary that
covers most experimental terms can significantly enhance performance. However, the
inclusion of unrelated terms in the dictionary can negatively impact results. To address these
issues, future studies could implement a manual curation process to build a robust dictionary
of the most common experimental techniques found in biomedical literature. This curated
dictionary will enhance the accuracy and effectiveness of our text mining approach, leading

to more reliable clustering results.

Synonym matching was employed to map equivalent terms across different ontologies by
using synonyms defined within the ontologies themselves. While other methods were not
explored in this work, future research may investigate more advanced approaches, such as
machine learning-based term alignment or embedding-based similarity techniques. For
example, in the context of experimental ontologies, the term "Western Blot" may be mapped
to "Immunoblotting," or "Gene Knockout" to "Gene Inactivation," ensuring consistency in

terminology across ontologies.

Additionally, in this work, ontologies including EFO and EDAM were utilised to build a
dictionary of experimental techniques used to generate DGAs. This dictionary was then
employed to extract relevant techniques from DGA biomedical literature by matching terms

in the dictionary with the text in articles, including abstracts and methods sections. The
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current approach relied on term matching. In future work, machine learning and natural
language processing techniques, such as the Named Entity Recognition (NER) model, may be
explored. These models could be trained on DGA biomedical literature to automatically

extract experimental techniques from DGA-related articles.

In summary, the solutions presented in this chapter focus on addressing the limitations in gold
standard data, dataset definitions, and network performance evaluation techniques. In the
future, we aim to enhance the overall effectiveness of text mining approaches to individual
datasets identification. Future work will prioritise refining the dictionary through manual
curation to better capture the specific experimental techniques, thereby improving the

robustness of our methodologies.

Building DGA PFINs requires two main components: individual datasets that represent
separate evidence of DGAs, which are scored and subsequently integrated into a network
based on the order of their confidence scores, and a gold standard that assesses the quality of
these datasets and assigns their confidence scores. In this work, a novel text mining approach
was proposed to identify individual datasets by grouping multiple DGA experimental studies
based on the similarity of their experimental techniques. Each cluster represents one DGA
individual dataset, which is scored against the gold standard. This approach could address the
challenge associated with treating a single DGA experimental study as an individual dataset,
which resulted in significant data loss. Thus far, individual datasets that represent DGAs were
identified. However, due to time constraints, the construction of the PFINs based on the text
mining approach and the assessment of network performance have not yet been completed.

These aspects of the research will be prioritised in future work.
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Chapter 6

A computational Approach to Drug Repurposing Incorporating Graph
Neural Networks and Probabilistic Functional Integrated Networks
focusing on Disease-gene Association Data

6.1 Introduction

Deep learning has gained considerable attention in biomedical applications with the
revolution in publicly available biomedical data sources and the notable improvement in
computational techniques [65]. As an inspiring machine learning division, deep learning has
significantly boosted and emerged as the leading technique for drug repurposing and
development in the most recent published studies [15], [18], [66], [67], [132], [241]
(Computational methods to drug repurposing are discussed in 2.7.1 and deep learning
approaches in drug repurposing discussed in Section 2.7.1.1). Previous studies showed that
DNN-based repurposing methods outperform ML-based methods such as SVM or RF [132].
Moreover, deep learning methods have been reported to be more effective for drug target
prediction [133]. Among various deep-learning models, GNNs [25], [64], [67], [68], [69],
[70], [71], [311] have attracted increasing attention from the drug repurposing field due to the
power of graph modelling in biomedical data [25], [128], [134] (GNNs are discussed in
Section 2.6, Graph modelling applications in biomedical data are discussed in Section 2.2.1,

and GNNs applications in drug repurposing discussed in Section 2.6.1).

Although the application of GNN approaches for computational drug repurposing have
produced very promising results [26], [64], [67], [68], [69], [70], [71], [311], there are still
several limitations that need to be addressed. First, GNN-based methods are dependent on the
graphs used to train them. GNNs applied to drug repurposing are often trained on incomplete
and noisy biomedical knowledge graphs. To-date, many GNN-based studies have been
developed around knowledge graphs with limited nodes and edge types and with restricted
node and edge features. This limited scope can restrict the ability of GNN models to capture
the full complexity of drug-disease relationships. These approaches tend to aggregate
information from directly connected nodes restricted in a drug-protein-gene-disease, ignoring

the other types of biological entities such as pathways, tissues, signatures, side effects, and
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phenotypes, that contain rich information about graphs in drug repurposing applications. The
inclusion of additional relevant biomedical entities in a knowledge graph could potentially
contribute to enriching the graph structure which might lead the GNN models to predict
better over other cases. Recently, new approaches to computationally scalable data
integration have led to the availability of a new generation of knowledge graphs with a much
richer set of node and edge types and the inclusion of a wider range of node and edge
features. These approaches facilitate the aggregation of information not just from directly
connected nodes in a drug-protein-gene-disease complex, but also from other types of
biological entities. Second, most existing GNN approaches to drug repurposing applications
often do not consider data quality issues at the same level as the problem of missing data.
Some existing approaches of GNNs to drug repurposing deal well with incomplete datasets,
assuming that the existing data is high-quality, whereas biological data, in general, has a high
rate of false results (Section 2.3.1) [32], [33]. However, the success of computational
techniques is highly dependent on data quality [19], [21]. Incorporating PFIN approaches
with biomedical knowledge graphs could greatly reduce noise since PFINs typically reduce
noise during integration which might lead to improved GNN performance. Third, most of the
current studies neglect the inclusion of node features within GNNs due to the lack of these
features [64]. The incorporation of node features could improve the performance of GNNs. In
drug repurposing, node features may contain valuable information about graph structures that
are not leveraged by existing methods. Finally, many of the previous studies focused on
specific diseases, for example, these studies targeting COVID-19; constructed graphs

containing information exclusively related to it [25], [26], [68], [68], [311].

In this chapter, the limitations discussed above were addressed by incorporating GNNs within
a recently developed extended biomedical knowledge graph and PFINs, in an attempt to
bridge these gaps to generate drug repurposing hypotheses using link prediction between
drugs and diseases. Overall, the main contributions of this chapter can be summarised as

follows:

1. It was hypothesised that incorporating more extensive node and edge types into a
GNN could improve its performance. A GNN framework was trained using a newly
developed, rich, Heterogeneous Biomedical Knowledge Graph (HBKG), called
NeDRex. NeDRex is an extended graph including multiple diverse types of nodes and
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edges, consisting of 11 different types of nodes and 19 different types of edges. The
NeDRex graph is also a general graph containing different types of diseases,
disorders, or syndromes.

2. Many of the currently available HBKGs lack predefined and meaningful node and
edge features. It was incorporated a range of node features into the GNNs since a
node in NeDRexDB is labelled with a set of attributes, such as the node's name and
description. The NeDRex graph contains rich and meaningful features about nodes

and edges. In this chapter, specifically, node features were incorporated within GNNs.

3. The PFIN approach was incorporated within the GNN technique. One of the DGA
PFINs constructed in the previous chapter (chapter 5) was selected based on its best
performance among the others. The subset of DGAs in the extended integrated
heterogeneous biomedical knowledge graph (NeDRex graph) was replaced by the
DGA PFIN, which had already been scored against high-quality gold standard data,
with only the DGAs that passed the scoring included. The inclusion of the DGA PFIN
could potentially enhance GNN performance, as PFINs typically reduce data noise.

6.2 Data Sources

NeDRexDB*® [48] was used as a data source for this research. NeDRexDB was used to build
the heterogeneous biomedical knowledge graph that was used for GNN training and testing.
NeDRex is a platform in network medicine that allows for the identification of disease
modules and drug repurposing. NeDRex was built of three primary elements: a knowledge
base (NeDRexDB), a Cytoscape app (NeDRexApp), and an API (NeDRexAPI) and is
available as an open version and a licensed version. The open version does not contain
OMIM [88] and DrugBank [221] due to licensing restrictions. In this chapter, the licensed
version was used. NeDRexDB includes information from 19 existing databases including
NCBI [256], DrugCentral [220], CTD [261], DrugBank, SIDER [312], HPO [223], Mondo
[282], OMIM, DisGeNET [141], HPA [218], BioGRID [87], Reactome [253], UniProt [217],
GO [264], BioOntology [313], Repotrial, UniChem [314], and Clinvar [189] (For more
details about the original databases in NeDRexDB, refer to Section 2.5). The NeDRexDB

8 https://api.nedrex.net/.

182


https://api.nedrex.net/

Chapter 6: A computational Approach to Drug Repurposing Incorporating Graph Neural
Networks and Probabilistic Functional Integrated Networks focusing on Disease-gene
Association Data

used for the present work was queried in December 2022. Statistics for nodes and edges
sourced from NeDRexDB can be seen in Tables 6.1 and 6.2, respectively.

RepoDB?*® [257] was used to form a specific evaluation dataset, and drug-disease indications
from RepoDB were extracted. RepoDB is a gold standard database for drug repurposing,
including a collection of documented instances of both successful and unsuccessful drug

repositioning. It can serve as a valuable benchmark for assessing computational repositioning

methods. The data within RepoDB has been sourced from DrugCentral and Clinical Trials®.

Table 6.1. Statistics on data sources, types, attributes, and number of nodes in the NeDRex database. The

features that were excluded from the feature matrix are highlighted using bold formatting.

Node Type Data #Nodes Attributes of nodes
Source
Disorder Mondo 22384 Description, Name, Domainids,
Repotrial Synonyms, Type
Drug Drugbank 14315 CasNumber, Description, Name,
Unichem Domainids, DrugCategories,
Indication, DrugGroups,
Sequence, Synonyms, Type
Gene NCBI 81491 ApprovedSymbol, Chromosome,
Description, DisplayName,
Domainlds, GeneType,
MapLocation, Symbols,
Synonyms, Type
Protein UniProt 204961 Name, Domainids, GeneName,
Sequence, Synonyms, Taxid,
Type
Genomic_variant Clinvar 1475162 AlternativeSequence,
Chromosome, Domainids,
Position, ReferenceSequence,
VariantType, Type
GO annotation GO 43558 Description, Name, Domainids,
Synonyms, Type
Pathway Reactom 2566 Name, Domainids, Species,
Type
Side-effect Bioontology [ 15095 Name, Domainids, Type
.org
Phenotype HPO 16614 Name, Synonyms, Domainids,
Description, Type
Signature UNIPROT | 42199 Name, Domainids, Type
Tissue Uberon 64 Name, Domainids, Type

% http://apps.chiragipgroup.org/repoDB/

% https://clinicaltrials.gov/
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Table 6.2. Statistics on data sources, types, attributes, and number of edges in the NeDRexDB database.

EdgeType Data Source #Edges Attributes of Edges
Drug has_indication Drugcentral 16837 Type
CTD
Drug_has_target Drugbank 26537 Actions, Tags,
drugcentral Type,
Drug_has_side_effect Sider 217739 Maximum_frequenc
Y,
Minimum_frequency
, Type
Drug has contraindication DrugCentral 13788 Type
Molecule similarity molecule Repotrial 188199 Maccs, Type,
Morgan rl,
Morgan_r2,
Morgan r3,
Morgan r4
Disorder has phenotype HPO 216172 Type
Disorder is subtype of disorder | Mondo 35512 Type
Gene_associated with disorder DisGeNET 30252 Type, Score
OMIM
Gene_expressed in_tissue HPA 1133252 TPM, nTPM, pTPM,
Type
Protein_interacts with protein BioGRID 2346570 | BrainTissue,
DevelopmentStages,
EvidenceType,
JointTissues,
Methods,
SubcellularLocations
, Tissues, Type
Protein encoded by gene UniProt 32930 Type
Protein in pathway Reactom 121759 Type
Protein has signature UniProt 1826518 Type
Protein expressed in tissue HPA 632173 Type, Level
Protein has go annotation GO 297003 Qualifiers, Type
Go is subtype of go GO 70058 Type
Side effect same as phenotype [ Bioontology 1242 Type
Variant affects gene Clinvar 1596637 Type, DataSources
Variant_assocaited with disorder [ Clinvar 1104119 Accession, Effects,
ReviewStatus, Type

6.3 Results and Discussion

6.3.1. Drug-Disease Link Prediction
The drug repurposing problem was approached as a link prediction task in a biomedical

knowledge graph of diseases and their interactions with different biomedical entities such as
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drugs, genes, proteins, pathways, phenotypes, signatures, side effects, or tissues. The task
involved predicting links between disease and drug. The outcomes of the model can be used
to measure the confidence of the link so that a link, with a score of 0 meaning low confidence
and a score of 1 meaning high confidence. The problem was addressed as a binary
classification task where the classes are negative class; non-existent (0) and positive class;
existent (1).

6.3.2 Construction of the Heterogenous Biomedical Knowledge Graphs from NeDRexDB

Five versions of the HBKGs were constructed to test five distinct hypotheses. Firstly, it was
hypothesised that enhancing the graph structure by incorporating additional pertinent
biomedical entities, such as pathways, tissues, signature, side effects, GO_annotations,
genome variants, and phenotypes, could significantly enrich the HBKG, potentially leading to
improved performance of the GNN. To assess this hypothesis, a GNN model was applied to
two distinct versions of the graph: the reduced version of the NeDRex graph reducing types
of nodes and edges (Reduced NeDRex), which contains a subset of node and edge types
focused on drug-protein-gene-disease relationships, and the complete version of NeDRex
(Complete NeDRex), containing 11 different node types and 19 unique edge types. Secondly,
it was hypothesised that enhancing GNN performance could be achieved by incorporating
node features. To test this hypothesis, GNN models were applied on both versions, the
Reduced NeDRex and the Complete NeDRex incorporating node features in NeDRexDB
(Reduced NeDRex With NodeFeatures and Complete NeDRex With NodeFeatures).
Lastly, it was hypothesised that incorporating the PFIN approach within the GNN technique
could potentially enhance GNN performance. To test this hypothesis, a GNN was applied to a
new version of the Complete NeDRex graph (Complet NeDRex PFIN) which replaced
DGA edges in the Complete NeDRex version with the DGA in the PFIN constructed in the
previous chapter. All versions of the HBKGs were constructed from NeDRexDB using the
Pytorch Geometric Python library®'.

6.3.2.1 Reduced NeDRex

The Reduced NeDRex was constructed as a subgraph of NeDRexDB, by including only

specific types of nodes and edges. In this version, the GNN only aggregates information from

81 https://pytorch-geometric.readthedocs.io/en/latest/install/installation.html
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directly connected nodes that describe drug-protein-gene-disorder relationships, ignoring
other types of biological entities such as pathways, phenotypes, tissues, signatures, side
effects, genomic variants, and GO annotations. The Reduced NeDRex graph contains four
node types: drug, disorder, gene, and protein, and five edge types: drug-has-indication,
drug-has-target,  gene _associated with_disorder,  protein_interacts with_protein, and

protein_encoded by gene. Figure 6.1 shows the schema of the Reduced NeDRex graph.
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gene associated with disorder

Figure 6.1. Schematic of the Reduced NeDRex graph from NeDRexDB, containing four node types (drug, disorder, gene,
protein) and five edge types. It is a subgraph of NeDRexDB.

6.3.2.2 Complete_NeDRex

The complete NeDRex consisted of 11 types of nodes including disorder, drugs, gene,
protein, genomic_variant, go annotation, pathways, side effect, phenotype, tissue, and
signature. The set of edges consisted of 19 types including drug-has-indication,
drug-has-target, drug has side-effect, drug has contraindication, protein_has signature,
molecule_similarity_molecule, disorder _has _phenotype, disorder is_subtype of disorder,
gene_associated with_disorder, protein_interacts_with_protein, gene_expressed_in_tissue,
protein_in_pathway,  variant_assocaited with_disorder, side effect same as_phenotype,

protein_expressed_in_tissue, go_is_subtype of go, protein_encoded by gene,
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protein_has go _annotation, variant_affects gene. Figure 6.2 shows the schema of the

Complete NeDRex graph.
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Figure 6.2. Schematic of Complete NeDRex, featuring 11 node types and 19 edge types. Numbers on edges indicate
semantic edge types between node pairs.

6.3.2.3 Reduced NeDRex With_NodeFeatures and Complet NeDRex With _NodeFeatues

To investigate the hypothesis that incorporating node features with GNN improves
performance, two versions of the graphs were constructed:
Reduced NeDRex With NodeFeatures and  Complete NeDRex With NodeFeatures.
NeDRexDB has a rich set of node and edge features (see Tables 6.1 and 6.2, respectively)
that were relevant to use in this study. For instance, a node categorised as a gene has
attributes such as Chromosome, Description, Name, GeneType, MapLocation, Symbols,
Synonyms, and Type. Additionally, each edge in NeDRexDB is characterised by attributes
such as edge confidence and evidence type. As an illustration, an edge of type
"protein_interacts with_protein" is associated with attributes such as BrainTissue,
DevelopmentStages, EvidenceType, JointTissues, Methods, SubcellularLocations, Tissues,
and Type. It is important to mention that not all node and edge features were included in the
node features matrix and edge features matrix. Some features were omitted because they do

not reflect data useful for this study. For instance, features like Domainids merely list node
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IDs from various databases, providing little significance compared to features like Name or
Description. Similarly, features that describe the source of edges such as Datasources were
excluded, as they do not contribute any additional useful information. While some features
are informative, they were left out of the node features matrix due to missing data. For
example, the Description feature for drug nodes carries meaning, but it had to be removed
due to that it is missing for some nodes. The features that were excluded from the features

matrix are highlighted using a bold formatting style in Table 6.1.

The concept of encoders was utilised to define how the values of specific features should be
encoded into a numerical feature representation. For example, a sentence encoder was applied
to encode raw feature strings into low-dimensional embeddings. For this, the
sentence-transformers library®>, which provides many state-of-the-art pretrained natural
language processing embedding models, was used [315]. The SequenceEncoder was used to
encode a list of strings features of nodes into node features matrix. Each node and edge in
NeDRexDB is annotated with features, which correspond to their included attributes (see
Tables 6.1 and 6.2, respectively). Edge features were not incorporated with the GNN in this
work. To assess how the inclusion of node features influences the performance of the GNN,
we apply the GNN on each version of the graph with/without node features. In the case of the
graph without node features, the node features vector in the matrix was set to a constant value

of one.

6.3.2.4 Complete NeDRex PFIN

To assess the impact of data noise on the performance of GNNs, the final version of the graph
(Complete NeDRex PFIN) was constructed by substituting the DGAs in the
Complet NeDRex with one of the DGA PFINs constructed in the previous chapter; the
BioGRID IES network ( Section 5.3.1.1 for the PFINs construction using non-DGA gold
standard). The reason for choosing the BioGRID IES network is that, from the previous
chapter, it was observed that non-DGA-based networks including the BioGRID IES network,
demonstrated superior performance in link prediction analysis when compared to DGA-based

networks which performed well in network clustering analysis ( Section 5.3.1.2 for the

82 https://www.sbert.net/
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network evaluation). Consequently, it was concluded that none-DGA-based-networks may
produce better performance in link prediction applications, while DGA-based networks may
be useful in network clustering tasks. Therefore, given that the drug repurposing problem
tackled in this chapter was framed as a link prediction problem, it was opted to replace the

DGAs in the Complete NeDRex with the BioGRID_IES network.

The Complete NeDRex and the Complete NeDRex PFIN exhibited variations in both
content and topological structures in terms of the DGA subgraph, despite that the DGAs in
both versions of the graph originated from the same source which is DisGeNET. This
discrepancy arose from the inclusion of distinct subsets of DGAs in the NeDRexDB and the
BioGRID_IES. Specifically, the DGAs in the BioGRID IES are the subset from DisGeNET
that passed scoring against the non-DGA gold standard data (BioGRID). In contrast, DGAs
within the NeDRexDB constitute a subset of DisGeNET and OMIM that are chosen by
NeDRexDB’s team including manually curated data only. The Complete NeDRex contained
30,252 DGAs while the Complete NeDRex PFIN contained 23,085 DGAs. The PFIN
approach is designed to systematically reduce noise during integration. Therefore, it is
reasonable to posit that DGAs in Complete NeDRex PFIN may exhibit a lower level of
noise compared to DGAs present in the Complete NeDRex graph which may lead to better
performance for the Complete NeDRex PFIN graph over the Complete NeDRex.

The topological structure of a graph profoundly influences how GNNs operate, impacting the
aggregation of neighbour information, the flow of information, and the learning of
representations. As a result, differences in topological structures can lead to different results
in GNN performances. GNNs operate by aggregating information from neighbouring nodes.
If the topological structures differ, the set of neighbours for each node changes, impacting the
information available for aggregation, and affecting the learning of node representations and,
consequently, the overall performance of the GNN. The variations in the number and type of
nodes, edges, and overall graph density can affect the scale and complexity of the learning
task. GNNs adapt their parameters based on the graph structure, and differences in size and

density may lead to different learning dynamics.
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6.3.3 Heterogeneous Link-Level Graph Neural Model Architecture

The objective of the drug repurposing exercise was to estimate the probability of a link
existing between a given disease and drug pair, using a GNN model. The architecture of the
model includes two main parts: an encoder and a decoder (Figure 6.3). The encoder part
generates representations of the nodes (nodes embeddings), producing a vector embedding
for each node in the graph. The encoder captures the essential features of a node from its
neighbours in the NeDRex graph. The decoder part utilises these embeddings to predict the
probability of an edge's presence between the drugs and the disorders; the
‘drug-has-indication’ edge. This problem is treated as an end-to-end task, where both the
encoder and decoder are optimised in tandem. The encoder contains two layers of a graph
convolution network. After each of them, a batch normalisation takes place to reduce the
variance between layers during the training process [316]. Between the layers, there is a leaky
rectified linear unit (LReLU), providing non-linearity, and a dropout layer, to reduce variance
[317]. The GNN’s Layers use GraphSAGE as a framework [280]. The GraphSAGE generates
node representations by sampling and aggregating features from a node’s neighbourhood
(Section 2.6) . For each node in the graph, a fixed-size neighbourhood is sampled. This
involves selecting a set of neighbouring nodes for each target node. After sampling
neighbours, an aggregation function was applied to gather information from the sampled
nodes. The aggregation function combines the feature information from the target node and
its neighbours to create a new representation for the target node. This aggregated information
was used to update the node's representation (Equation 3.15) [280]. The GraphSAGE model
was chosen because it is effective in handling large graphs and achieving good generalisation
performance for inductive learning on graph-structured data. The final embeddings were
produced by utilising 2-hop neighbourhood features since we have only implemented two
layers of GraphSAGE. After generating the drug and disorder embeddings, the decoder
utilised these embeddings to estimate the likelihood of an edge between a disorder and a
drug. This estimation is computed by applying the sigmoid function to the dot product of the

embedding of the disorders and drugs, represented in Equation 3.16.
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Figure 6.3. Structure of the Graph Neural Network encoder and decoder. A batch normalisation follows two graph
convolution layers. A non-linear activation function (LReLU) and a dropout layer were applied between the two

GraphSAGE layers.

The construction of all versions of HBKG, the model implementation and the training phase
were developed in Python 3.8.10, using the PyTorch Geometric(PyG) framework. The PyG
framework was employed for these tasks. The experiments were executed on the Google
Colab server. The code can be accessed on GitHub:

https://colab.research.google.com/drive/1 REVe42P7H6USan0Z1GsL.Pve AmiamEx

6.3.4 Model Training

The five models, including the Reduced NeDRex, the Complete NeDRex, the
Reduced NeDRex With NodeFeatures, the Complete NeDRex With NodeFeatures, and
the Complete NeDRex PFIN were trained separately. During each training phase, the graph
was split into training, validation, and test sets ensuring that no data about edges used
throughout the evaluation phase was leaked into the training phase. The edges in
the ("drug has indication") were randomly divided into training, validation and test
edges. The edge-level random split was performed such that each edge was exclusively either
in the training, validation, or test split. To train each model, a distinct training set comprising
80% of the original graph was utilised. The remaining 20% of the data was divided, with 10%
allocated for internal validation purposes such as monitoring overfitting and underfitting,
tuning hyperparameters, and ensuring no data leakage, while the remaining 10% was

allocated for testing.
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NeDRexDB contains only positive edges. For example, it 1is stated that a
“drug_has_indication”, but there is no edge type for “drug does not have indication”. A
lack of such an edge between a “drug” and a “disorder” could mean that a drug does not have
an indication for a disorder, however, It is not known whether there is evidence/no evidence
that the drug does not have an indication. One option is to make a closed-world assumption
that states that no relationship between two nodes means a true negative relationship. We
have 16837 positive samples (“Drug has_indication”) in the NeDRexDB. Negative sampling
was implemented such that for every positive edge in the graph, a random edge (referred to as
a negative edge) was sampled. These negative edges were not originally present in the graph

and the ratio of these edges to positive edges is one-to-one.

Each version of the graph was trained using mini-batch stochastic gradient descent by
dividing the training set into batches. A mini-batch loader was developed to generate
subgraphs that were used as input into the GNN models. While this process is not required
for small graphs such as the reduced version of NeDRex, it is necessary in the case of large
graphs such as the complete version of NeDRex that do not fit onto GPU memory otherwise.
Therefore, multiple hops were sampled from both ends of an edge and a subgraph was
created from these samples. Negative sampling was generated using a closed-world
assumption during the mini-batch creation process, thereby preserving a class ratio of one

(the ratio of negative samples to positive samples) in each batch.

The model parameters were optimised by computing the loss value from the ground-truth
labels and the obtained predictions. The ground truth labels refer to the labels of the real
edges in the graph between drug and disorder; “drug has indication”. The true positive
edges were labelled with one and the true negative edges were labelled with zero. These
labels were compared with the predicted edges which were labelled with the predicted
probability scores. The model parameters were optimised by minimising the loss value,
which is obtained by measuring the difference between the predicted scores and the
ground-truth labels. The Binary Cross Entropy with Logit Loss was used as the loss function
to adjust model parameters through back-propagation and stochastic gradient descent (

Equation 3.17). The BCELogitLoss was chosen because it is suitable for binary classification
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problems and the drug repurposing problem was treated in this work as a binary classification

(Figure 6.4).
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Figure 6.4 Training and validation loss curves for five model configurations: A. Reduced NeDRex, B. Complete_NeDRex,

C. Reduced NeDRex With NodeFeatures, D. Complete NeDRex With NodeFeatures, and E. Complete NeDRex PFIN.
Each curve shows the loss values over 300 training epochs.
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The model was optimised with the Adam optimiser [318], and the hyperparameter tuning
encompassed key factors such as epochs (training iterations), weight decay, learning rate, and
hidden embeddings. To optimise the model's performance, hyperparameter tuning was carried
out using the Weight & Biases platform®. The selected set of hyperparameters was
determined based on achieving the highest Accuracy, AUROC, and AUCPR while
minimising the average loss values on the training, test and validation sets and producing
optimal curves( no overfitting, no underfitting). Table 6.3 shows the final chosen

hyperparameter configuration for each version of the graph.

Table 6.3. The final hyperparameter configuration selected for each graph version is determined by the optimal

performance achieved by the five models.

Hyperparameters | Reduced Reduced Complete Complete NedRex
_ NeDRex_ _ NeDRex_ PFIN
NeDRex [ With NodeFeatures | NeDRex | With NodeFeatures
Activation Leaky Leaky relu Leaky Leaky relu Leaky relu
function relu relu
Batch_size 1024 1024 1024 1024 1024
Dropout 0.60 0.60 0.80 0.80 0.80
Learning rate 0.01 0.01 0.01 0.01 0.01
Weight decay 0.0001 0.0001 0.001 0.001 0.001
Hidden channels 80 80 100 100 100
Aggregation mean mean mean mean mean
function
Number layers 2 2 2 2 2

6.3.5 Model Evaluating and Validating

It is important to mention that the data utilised for training, testing, and validation were kept
strictly separate. After training, the models were evaluated on unseen data coming from the
test and the validation sets. Two separate steps were applied to evaluate the model. Firstly, the
testing set, consisting of 10% of the original graph, was utilised to calculate traditional
evaluation metrics including the Area Under the Receiver Operator Characteristics Curve

(AUROC) [319], the Area Under the Precision-Recall Curve (AUPRC) [320], and overall

8 https://wandb.ai/site
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accuracy which are widely used for drug indication prediction tasks. Secondly, further
validation was performed with the validation set, consisting of 10% of the original graph. For
this, we define a new mini batch Loader to generate subgraphs for validation. The
validation loop iterates through mini-batches within the validation set, generating predictions
for validation edges using the models. It evaluates the performance of the model by
calculating the AUC score across the predictions and their associated ground-truth edges,

including both positive and negative edges.

6.3.6 Further Validation

For added validation, a secondary evaluation was conducted using a Gold Standard dataset
for drug repurposing, RepoDB [257]. The drug-disease indications provided by RepoDB
were used to validate the predictions made by the trained model. The disease IDs were
mapped from UMLS IDs to Mondo IDs since NeDRexDB used mondo IDs for diseases while
RepoDB used UMLS IDs. From these indications, 3, 812 drug-disease pairs were selected for
repositioning after mapping UMLS to Mondo. Out of these, 2562 pairs are already present in
NedRexDB and are therefore excluded. As for the nodes, we selected only the cases from
RepoDB where both the drug and the disease node were already in the graph. Therefore,
1250 pairs were chosen and then supplied to the trained models, with the expectation that
each pair would result in a prediction score of one. Additionally, an additional negative set of
1250 randomly generated drug-disease pairs was introduced. In this case, the expectation is
that all pairs would receive a prediction score of zero, given that the likelihood of randomly

selecting a valid pair for repositioning is notably low.

To test the hypothesis that adding extra types of nodes and edges to the graph, including node
features, as well as incorporating PFIN approach, could improve the performance of GNNs,
five versions of the graph were created using NeDRexDB. These versions were
Reduce NeDRex and Complete NeDRex which looked at how adding extra nodes and edges
affected performance. It was also created Reduce NeDRex with NodeFeatures and
Complete NeDRex with NodeFeatures to see if adding features to the nodes improved GNN
performance. NeDRex PFIN were also created to test the hypothesis that incorporating PFIN
with the HBKG could reduce noise within the HBKG, potentially enhancing the performance
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of the GNN. The five models were trained and tested on Reduced NedRex,
Complete NedRex,Reduced NedRex With NodeFeatures,Complete NedRex With NodeF
eatures. Overall, the results indicated that a model trained on the complete version of the
graph performed better than the reduced version. Significant results were observed for
models trained with both versions of the graph; the reduced and the complete graph, with
node features. Moreover, some metrics showed better performance in the reduced graph when
incorporating node features compared to the complete graph with no node features. For
example, the accuracy of the Reduced NeDRex With NodeFeatures model improved
compared to the Complete NeDRex model. The results indicate that node features have a
considerable impact and have significantly improved the performance of the GNN in both
cases. The Complete NeDRex model improved the Reduced NeDRex model by,
approximately, 0.09 for the Accuracy, 0.10 for the AUPRC, and 0.07 for the AUCROC (
Table 6.4). More importantly, training with the Complete NeDRex With NodeFeatures
improved on training with the complete version without nodes features by approximately
0.09 for the Accuracy, 0.04 for the AUPRC, and 0.07 for the AUCROC.
Complete NeDRex With NodeFeatures model outperformed all the proposed models across
all presented evaluation metrics (See bold results in Table 6.4). This result indicated that
adding additional types of nodes and edges as well as incorporating node features could
significantly improve the performance of GNNs. Table 6.5 contains the comparison of the
results of the four versions of the graph. Figure 6.5 shows the AUCROC for the models

trained on the four versions of the graph.

In the context of Complete NeDRex, it is important to highlight that the enhancement
primarily focuses on incorporating additional data of diverse types, rather than simply
increasing quantity. While there is a common concern that adding more data could introduce
noise into the knowledge graph, in this specific case, the augmentation is specifically tailored
to include various types of valuable information. Importantly, the size of each association
remains relatively modest when compared to documented associations in existing literature.
For example, the Drug has indication edge comprises only 14,315 edges, significantly
smaller than the numerous edges found in the literature. Similarly, the
Gene_associated with _disorder consists of 30,252 edges, a fraction of the often

million-edged literature counterparts. This is attributed to NeDRex's database integrating data

196



True Positive Rate

Chapter 6: A computational Approach to Drug Repurposing Incorporating Graph Neural
Networks and Probabilistic Functional Integrated Networks focusing on Disease-gene
Association Data

from reliable primary resources, emphasising manual curation, as opposed to indiscriminately

including all available data sources.

Table 6.4 Comparative analysis of the results for the five graph versions tested on RepoDB. Metrics including
Loss, Accuracy, AUCROC, and AUCPR are presented for models trained on Reduced NeDRex,
Complete NeDRex,  Reuced NeDRex With NodeFeatures, =~ Complet NeDRex With NodeFeatures, and
Complete_ NeDRex PFIN. Results highlighted in bold indicate the best-performing outcome.

Graph version Loss | Accuracy | AUCPR | AUCROC
Reduced NeDRex 0.66 0.57 0.789 0.79
Reduced NeDRex with NodesFeatures | 0.60 0.71 0.87 0.85
Complete NeDRex 0.63 0.66 0.890 0.863
Complete NeDRex with NodesFeatures | 0.58 0.75 0.93 0.930
Complete NeDRex PFIN 0.66 0.57 0.77 0.78
B.
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Figure 6.5. (A) ROC curves and (B) Precision-Recall curves for models trained on various NeDRex graph versions,
validated using the drug repositioning gold standard, RepoDB.

Moreover, the intricate interconnectedness within the biological system necessitates a
thorough examination of all connected components to obtain a holistic understanding.
Consider the following example: Drugl targets Proteinl, which is part of Pathwayl, and

Disorderl is associated with genel, encoding Protein2, also within Pathwayl. In the context
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of Complete NeDRex, one of the augmented potential paths to gather information from
neighbours to generate node embedding involves Drugl => Proteinl =» Pathwayl for Drugl
and Disorderl =>» Genel =>» Protein2 =» Pathwayl for Disorder2. In contrast, within the
Reduced NeDRex where the Pathway node type is absent, there may be minimal to no
similarity in node embeddings between Drugl and Disorderl due to the lack of pathway data.
However, in the Reduced NeDRex case, a conspicuous similarity emerges in node
embeddings due to the shared pathway, highlighting the significance of considering the
broader network for a more comprehensive understanding. Figure 6.6 and 6.7 illustrates how

the absence of critical data types, such as the pathway node, can impact node embeddings.

A. B.

Burdl drug-has-target D) N
drug-has-target in-in-
rug. otein o ghasarger| | proteinein- pathway | o
i Gene_associated Protein_encoded bvjene‘ . Protein-in- pathway|
Gene associated i ) Disorderl = = = Protein2 Pathwayl
Disorderl > ¢ Protein_encoded_by_gene| Protein2 _with_disorder ‘\

Figure 6.6 Impact of missing pathways on node embeddings. (4) In Reduced NeDRex, Drugl and Disorderl
show no embedding similarity due to the absence of pathway nodes. (B) In Complete_NeDRex, including
pathway nodes enables potential embedding similarity.
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Figure 6.7 Impact of missing data types on node embeddings. (4) In Reduced NeDRex, Drugl and Disorderl show no
embedding similarity due to the absence of the signature node. (B) In Complete_NeDRex, the inclusion of the signature node
enables potential embedding similarity.
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The Complete NeDRex PFIN produced the lowest performance among the five versions of
the graph. However, this outcome can be attributed to a specific limitation. The necessity for
disorder ID mapping arose because the NeDRex graph employed Mondo identifiers for
disorders, whereas the PFIN network used UMLs identifiers. The total number of DGAs in
PFINS was 23,085, and the ID mapping process resulted in only 7,524 DGAs being
successfully mapped, indicating a relatively high rate of DGA loss. Despite this challenge, it
is worth noting that PFIN typically contributed to noise reduction during integration.
Therefore, incorporating PFINs into the knowledge graph may lead to an overall
improvement in performance. Therefore, once the ID mapping issue is addressed,
incorporating PFINs into the knowledge graph could potentially lead to overall performance

improvement.

6.3.7 Novel Drug-Disease Predictions

The model trained on the Complete NeDRex With NodeFeatures was used to predict novel
drug-disease indications. To filter the prediction for further investigation, a filter was
employed to choose cases with a prediction score of 1. Another filter was also applied to
select diseases that had no existing treatments in the original graph. After applying these
filters, a set of novel predictions generated by the model was chosen for further analysis, as
shown in Table 6.5.

Table 6.5. The novel predictions of the Complete NeDRex_With_NodeFeatures model and the number of previous clinical

trials reported these indications. The details of some predictions are provided in the text below. Figure C.1 shows the
subgraphs of the rest of these predictions.

Drug ID Drug name | Disorder ID Disorder name Number of Clinical
Trials

Drugbank.DB | Rituximab mondo.0002280 Anemia 42

00073

drugbank.DB [ Pyridoxal mondo.0018076 tuberculosis 38

00147
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drugbank.DB | Rituximab mondo.0001106 Kidney failure 25

0073

drugbank.DB [ Etanercept mondo.0002280 anemia 2

00005

drugbank.DB [ Aldesleukin | mondo.0005148 type 2 2

00041 diabetes mellitus | note:
Aldesleukin is
currently undergoing
clinical trials in Phase
II for the treatment of
Type 1 Diabetes,
Updated March 19,
2024

drugbank.DB | Alteplase mondo.0004995 Cardiovascular 317

00009 disorder

drugbank.DB | Irinotecan mondo.0002691 liver cancer 118

00762

Drugbank.DB | insulin mondo.0005252 Heart Failure 58

00030 human

drugbank.DB | Insulin mondo.0005406 Gestational 138

00030 human diabetes

drugbank.DB | Urokinase mondo.0004995 Cardiovascular 42

00013 disorder

drugbank.DB | D-glucose mondo.0005267 heart disorder 586

01914

Table 6.6 Novel predictions of the Complete NeDRex With NodeFeatures model, with literature supporting

these indications, specifically focused on Alzheimer's disease.

64

https://www.pharmaceutical-technology.com/data-insights/aldesleukin-iltoo-pharma-type-1-diabetes-juvenile-
diabetes-likelihood-of-approval/#:~:text=Aldesleukin%20is%20under%20clinical%20development,for%20progr
essing%20into%20Phase%20lII.
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Disease ID Disease Drug ID Drug Name Previous Studies
Name Supporting Prediction
drugbank.DB03366 Imidazole Dhingra et al. 2022 [321]
drugbank.DB01225 Enoxaparin Bergamaschini et al. 2004
Mondo.0004975 | Alzheimer [322]
disease drugbank.DB00490 | Buspirone Desai et al. 2003 [323]
drugbank.DB00671 Cefixime Nassar et al. 2023 [324]
drugbank.DB00543 Amoxapine Lietal 2017 [325]
drugbank.DB00649 Stavudine La Rosa et al. 2022 [326]
drugbank.DB00638 Inulin Hoffman et al. 2019 [327]
drugbank.DB00683 Midazolam Wang et al. 2022 [328]
drugbank.DB00700 Eplerenone Hira et al. 2020 [329]

Rituximab for Anemia

The Complete NeDRex With NodeFeatures model suggested that Rituximab may have
potential applications in treating anemia. The prediction is bolstered by findings from 42
clinical trials. Rituximab is a monoclonal antibody medication that targets a specific protein
called CD20, which is found on the surface of B cells. B cells are a subset of white blood
cells that play a role in the immune system. Rituximab works by binding to CD20, leading to
the destruction of B cells. Anemia is a health condition marked by a decrease in the level of
haemoglobin in the bloodstream. Haemoglobin is a protein found in red blood cells which
binds with oxygen and transports it to the tissues of the body. Anemia can result in a reduced
ability of the blood to carry oxygen to various parts of the body. Anemia is treated by
Cyclophosphamide. Cyclophosphamide is also used to treat Granulomatosis with Polyangiitis
(GPA) and Microscopic Polyangiitis (MPA) [330]. The advent of Rituximab has prompted
inquiries into the necessity of Cyclophosphamide in the management of GPA and MPA,
suggesting that newer treatment options are under consideration and assessment. Puéchal and

co-workers conducted a comparative study that showed that rituximab is more effective than
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cyclophosphamide for the treatment of GPA [331]. The study found a significantly higher
remission rate with Rituximab induction therapy compared to cyclophosphamide, supporting
the notion that Rituximab may be a more favourable choice for remission induction in
patients with GPA. Brodsky et al. found that high-dose cyclophosphamide is a highly
efficient treatment for severe aplastic anemia [332]. Rodrigo et al. systematically evaluated
the therapeutic efficacy of rituximab, particularly in the treatment of different types of
autoimmune hemolytic anemia (AIHA) [333]. AIHA is a specific type of anemia that occurs
when the body's immune system mistakenly targets and destroys its own red blood cells.
They found that there was enough evidence to endorse rituximab as a second-line treatment
for ATHA either as monotherapy or combined therapy. Fattizzo et al. investigated the efficacy
of low-dose rituximab in the treatment of AIHA [334]. The study utilised a fixed dose of 100
mg of rituximab administered once weekly for 4 weeks, combined with a short course of
prednisone. The results showed that this Rituximab regimen led to response rates of over
80% within the first three years of treatment. The findings suggested that low-dose Rituximab
could be an effective treatment option for AIHA, with the potential to reduce the need for

steroids. Figure 6.8 shows the subgraph containing anemia and Rituximab.
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Figure 6.8 Predicted association between Rituximab and anemia. Pink node = Rituximab; red/blue nodes =

proteins/diseases. Dashed edge shows predicted link. Based on existing links with Cyclophosphamide (used for anemia,
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GPA, and MPA), and Rituximab's greater effectiveness in GPA, Rituximab may be a stronger candidate for anemia treatment.
Blue edges = drug-indication; pink edges = drug-target.

Pyridoxal for tuberculosis

The Complete NeDRex With NodeFeatures model also suggested that Pyridoxal may be a
potential treatment for tuberculosis. This prediction is supported by 38 clinical studies.
Pyridoxal is one of the forms of vitamin B6, which is a water-soluble vitamin needed for
diverse biological processes. Pyridoxal is a coenzyme in many enzymatic reactions involved
in amino acid metabolism. It is involved in the conversion of amino acids, especially in the
synthesis and breakdown of certain neurotransmitters. Tuberculosis (TB) is an infectious
disease caused by the bacterium Mycobacterium tuberculosis. TB spreads through the air
when infected individuals cough or sneezes. In the 1960s, the Tuberculosis Chemotherapy
Center in Madras conducted two randomised controlled trials to investigate the impact of
pyridoxal on isoniazid-induced peripheral neuropathy [335]. The first trial involved patients
on isoniazid who displayed neuropathy symptoms and did not initially receive pyridoxal.
Those patients were subsequently administered either pyridoxal or other B vitamins. Results
revealed the effectiveness of pyridoxal in treating neuropathy. The second trial randomised
isoniazid patients into groups receiving 6 mg of pyridoxal alone, 6 mg of pyridoxal within a
vitamin B complex supplement, 48 mg of pyridoxine alone, or a B complex supplement
without pyridoxal. They observed that neuropathy occurred only in the group lacking
pyridoxal which indicates the efficacy of pyridoxal in isoniazid-induced peripheral
neuropathy. The study investigated the use of pyridoxal as a supplement in addressing the
side effects associated with tuberculosis medications. Additionally, Dick and co-workers
investigated the impact of vitamin B6 biosynthesis in Mycobacterium tuberculosis [336]. The
study aimed to identify potential targets for novel antimycobacterial agents. The researchers
discovered a heteromeric PLP synthase, which consists of Pdx1 and Pdx2, responsible for
synthesising PLP in the pathogen. Disruption of the pdx/ gene led to a strictly B6
auxotrophic M. tuberculosis mutant, whcih emphasises the importance of de novo PLP
synthesis for bacterial growth and survival. The study combined in vitro and in vivo models
to demonstrate the dependence of bacterium on PLP biosynthesis for regrowth during
dormancy and revealing a severe growth defect of the Apdx/ mutant in immunocompetent

mice. The findings emphasised the critical role of vitamin B6 biosynthesis in M. tuberculosis
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survival and they proposed this pathway as a potential target for the development of new
antitubercular agents, particularly in the context of multidrug-resistant TB. Figure 6.9 shows

the subgraph containing Pyridoxal and tuberculosis.

Furthermore, Chen et al. discovered that verapamil, an FDA-approved calcium channel
blocker, enhances the effectiveness of various anti-tuberculosis drugs [337]. Additionally,
verapamil is recognized as the most potent inhibitor of aldehyde oxidase AOXA [338].
Pyridoxal is also oxidised by liver aldehyde oxidase, indicating that aldehyde oxidase is
involved in the processing of pyridoxal [339]. Given that both verapamil and pyridoxal target
the same protein, AOXA, and considering the proven efficacy of verapamil in enhancing the
effectiveness of anti-tuberculosis drugs, pyridoxal may hold potential as an enhancer of
anti-tuberculosis drugs. Moreover, both verapamil and pyridoxal are indicated for the same
disorder [340], [341], visual epilepsy, and since verapamil is already used to treat
tuberculosis, It may suggest a potential edge between pyridoxal and tuberculosis. Figure 6.9

shows the subgraph containing these semantic relationships.
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Figure 6.9. Predicted indication link between Pyridoxal and tuberculosis. Pink = drugs, red = proteins, blue = disorders,
green = genes. Dashed line shows the predicted edge. Edge types: blue = indication, pink = target, green = gene-disorder.
The prediction path: Verapamil treats tuberculosis and targets AOXA; Pyridoxal also targets AOXA.

Rituximab for Kidney Failure
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The model predicted that Rituximab may be a potential treatment for kidney failure. This
prediction is supported by 25 clinical studies. Kidney failure refers to a medical condition
where the kidneys are not able to filter the blood from the waste. Guo and co-workers
conducted a study to evaluate the efficiency and the safety of rituximab in treating
membranous nephropathy patients with kidney insufficiency [342]. The study included 35
patients treated with rituximab. Patients were monitored at intervals of one to three months
for six months and the clinical data was recorded. The results showed that 20% of the patients
demonstrated full or partial response six months after receiving rituximab treatment.
Significant improvements in anti-PLA2R antibody titer, proteinuria, serum albumin, and
glomerular filtration rate, were observed. Responders maintained a stable kidney function
throughout the study period. The study suggested that rituximab might be considered as a
substitute medication for decreasing proteinuria and maintaining renal function in
membranous nephropathy patients, even those with kidney deficiency. Figure 6.10 shows the

subgraph illustrating the predicted link between Rituximab and kidney failure.

A study found that patients with end-stage renal disease undergoing hemodialysis exhibit a
decreased inducibility of interferon-gamma mRNA (IFNG) [343]. Additionally, several
studies have shown the roles of the IFNG gene in rheumatoid arthritis [344]. Also, studies
found that Rituximab is an effective agent in the treatment of rheumatoid arthritis [345].
Therefore, it can be concluded that Rituximab may be a potential treatment for kidney failure

since kidney failure shares the same gene with rheumatoid arthritis.
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Figure 6.10 Predicted association between Rituximab and kidney failure. Pink = drug, blue = disorders, red = proteins,
green = genes. Edge types: blue = indication, pink = target, green = gene-disorder. The predicted link is based on: IFNG
associated with both kidney failure and rheumatoid arthritis, and Rituximab indicated for rheumatoid arthritis, suggesting
Rituximab may also be indicated for kidney failure.

Irinotecan for liver cancer

The model proposed that the drug Irinotecan may be an effective treatment for liver cancer,
and this prediction is reinforced by evidence from 114 clinical trials. Liver cancer, also
known as hepatic cancer, refers to the development of malignant tumours within the liver
[346]. The liver, a vital organ located in the upper right side of the abdomen, plays an
important role in various bodily functions, including metabolism, detoxification, and the
production of proteins [347]. Major risk factors for liver cancer include chronic infection with
hepatitis B or C viruses, non-alcoholic fatty liver disease, and certain genetic conditions
[346]. Irinotecan is a chemotherapy medication used in the treatment of various types of
cancer [348]. It belongs to a class of drugs known as topoisomerase inhibitors. Irinotecan is
commonly employed in the treatment of colorectal cancer, and it may also be used for other
types of cancer, such as lung and pancreatic cancer Irinotecan is commonly employed in the
treatment of colorectal cancer, and it may also be used for other types of cancer, such as lung
and pancreatic cancer [348]. The mechanism of action of irinotecan involves interference
with the DNA replication process in rapidly dividing cells, ultimately leading to cell death. It

inhibits an enzyme called topoisomerase I, which is involved in the relaxation of DNA during

replication. Additionally, Irinotecan targets Topl Human, a protein encoded by the Topl
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gene, which is known to be involved in liver cancer [349]. Figure 6.11 provides a visual
representation of the subgraph highlighting the connection between liver cancer and its
associated genes including Topl as well as Irinotecan and its targets. Topl Human Protein,
also known as DNA topoisomerase 1, is an enzyme that controls and alters the topological
states of DNA during transcription. Topl Human Protein catalyses the transient breaking and
rejoining of a single strand of DNA, allowing for the necessary unwinding during processes
like replication. The Topl Human protein is encoded by the TOP1 gene. Liu et al. provided
evidence supporting the association of TOP1 with liver cancer [349]. The research utilised
immunohistochemistry staining and data mining from microarray and demonstrated
significantly higher expression of TOP1 at the protein and mRNA levels in liver cancer
tissues compared to control non-tumor tissues. The specific target of the Topl Human
protein is the TOP1-DNA cleavage complex which is a specific target of TOP1 inhibitors,
such as irinotecan [350]. Irinotecan is an inhibitor which disrupts the catalytic activity of
Top1, forming persistent DNA cleavage complexes and inducing DNA damage, ultimately
impeding cancer cell proliferation. TOP1 has been identified as a target for cancer treatment

[350].

Pozzo et al. conducted a study aimed at observing the effects of neoadjuvant therapy with
irinotecan and 5-fluorouracil (5-FU)/folinic acid (FA) on the resection rate and survival of
colorectal cancer patients with initially unresectable hepatic metastases [351]. Forty patients
received neoadjuvant chemotherapy, and the objective response rate was 47.5%, with two
complete responses and disease stabilisation in 27.5% of patients. Thirteen patients (32.5%)
underwent potentially curative liver resection following chemotherapy. The treatment was
well-tolerated, with typical adverse events associated with the chemotherapy agents used.
The study suggested that neoadjuvant therapy with irinotecan combined with 5-FU/FA
enabled a significant proportion of patients with initially unresectable liver metastases to

undergo surgical resection.
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Figure 6.11 Predicted link between Irinotecan and liver cancer. Blue = disorder, green = gene, pink = drug, red = protein.
The dashed red edge shows the predicted association. Irinotecan targets TOP _HUMAN, encoded by TOPI, which is
involved in liver cancer, suggesting a potential indication. Edge types: blue = indication, pink = target, green =
gene-disorder, purple = protein-gene.

6.4 Conclusion

The results presented here provide evidence that incorporating deep learning with a
biomedical knowledge graph could be an effective method for helping to tackle the drug
repurposing problem. Training GNNs on an extended knowledge graph incorporating node
features and applying the model to link predictions could have the potential to speed up the
drug repurposing process by reducing costs and time by highlighting potential repurposing
opportunities that may not have been highlighted by other approaches. The main contribution
of the work presented here was to develop GNN models for drug repurposing by training
with a newly developed graph, NeDRex. Different views of this knowledge base were used;
an extended graph containing an extended set of node types, and edge types as well as a rich
set of features for nodes and edges. The analysis of some novel predictions generated by the
Complete NeDRex With NodeFeatures model indicated its ability to produce potentially
valuable drug repurposing hypotheses, further supported by the results of testing with both
the test graph and the RepoDB test. In addition, the set of novel predictions validated the
potential of this method as these novel predictions have been reported by previous studies

(Table 6.4). However, it is important to emphasise that the predictions should not be taken as
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fact and clinical and experimental validation are required. The Complete
NeDRex With NodeFeatures model can be used to propose hypotheses about potential drug
repurposing indications that need further investigation. Despite the significant results of this
research work, some limitations, and opportunities for future research, were presented.
Firstly, the validation process utilised RepoDB but the need for Disease ID mapping between
RepoDB and NedrexDB led to a restricted validation set comprising only 1250 drug-disease
indications mapped from UMLS to MONDO. The smaller size of this dataset may have the
potential to influence the effectiveness of the validation process. A more extensive mapping
from UMLS to MONDO would be desirable. More sophisticated validation approaches such
as integrating multiple gold standard datasets for drug repurposing and using them as an
external source of evaluation, could be an interesting direction for future work. Secondly, as
it is difficult to find negative drug-disease indications, random negative samples were
generated [352]. This was done based on the closed-world concept, where edges not present
in the training set are considered negative. However, it is important to note that there is no
assurance that these edges may not be positive in the validation and test sets. New
literature-scale representations of pharmacological knowledge may help to resolve this issue
highlighting data conflicts and potentially providing negative relationships between concepts
[353]. Thirdly, randomly dividing the graph into three subgraphs for training, testing, and
validation might result in isolated subgraphs or edges. Nodes with numerous connections in
the graph are likely to receive higher scores compared to isolated nodes. Consequently, the
model exhibits bias towards nodes with greater connectivity. In the future, we aim to tackle
this issue using a graph pruning technique by selectively removing certain elements, typically
isolated nodes or edges with low connectivity. By eliminating isolated nodes or edges that
contribute minimally to the overall connectivity and structure of the graph. This process helps
mitigate biases that may arise during model training, especially when randomly dividing the

graph into subsets for tasks such as training, testing, and validation.

An overall finding of this study is that adding more node types and edge types, assuming that
all added data is of good quality, improves the GNN performance, however, some node and
edge types may have more significant effects on the performance of the model than other and
some of them may reduce the performance. In the future, we intend to tackle this issue by

systematically analysing the impact on predicted capabilities of the model of different classes
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of nodes and edges. This will involve experimenting with the removal and addition of
specific types of nodes and edges to observe how these modifications impact the overall
performance. In the context of Complet NedRex With NodeFeatures, it is important to
highlight that the enhancement primarily focuses on incorporating additional data of diverse
types, rather than simply increasing quantity. While there is a common concern that adding
more data could introduce noise into the knowledge graph, in this specific case, the
augmentation is specifically tailored to include various types of valuable information.
Importantly, the size of each association in the NedRex database is relatively modest when
compared to existing databases for drug repurposing. For example, the Drug has_indication
edge comprises only 14,315 edges, significantly smaller than the numerous edges found in
the literature. Similarly, the Gene associated with_disorder consists of 30,252 edges, a
fraction of the often million-edged literature counterparts. This is attributed to NedRex's
database integrating data from reliable primary resources, emphasising manual curation, as
opposed to indiscriminately including all available data sources. Moreover, the intricate
interconnectedness within biological systems necessitates a thorough examination of all
connected components to obtain a holistic understanding. The research findings indicated that
integrating node features could enhance the GNN outcomes. Moreover, node features have
significantly improved the GNN performance in both versions of the graph. Graphs with node
features performed better than graphs without node features. One limitation of this work is
the missing of some important node features that hold significant meaning for some nodes.
Consequently, these features have been excluded from the graph. For instance, the
'description' feature for the 'drug' node was missing for some nodes, therefore, this feature
was excluded from the node matrix features. In the future, we plan to address this limitation
by either augmenting the dataset by completing these important features or removing nodes
lacking these essential features. Nevertheless, the question of determining which node
features to include remained unresolved. A potential future direction involves conducting a
systematic analysis of feature selection to identify the most important features influencing
GNN performance. An intriguing avenue for future research involves enhancing GNN
performance through the incorporation of edge-level features. The NeDRex database offers
an extensive list of edge features, as illustrated in Table 6.2. Leveraging these edge features,
which encompass valuable information about graphs, could have the potential to significantly

improve performance.
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The work is limited too in the relationships it can predict, and its use cases, since the model is
just trained to predict drug-disease links. The rich heterogeneous graph allows holding many
relationship types in the same data structure. We could make the model take advantage of all
the available information and predict any edge type existing in NeDRexDB, see edge types in
Table 6.2. For example, the model could be trained to predict disease-gene associations,
drug-target interaction or any type of edges available in NeDRexDB. However, for this work,

we gave more importance to the specialisation of drug repurposing applications.

Including PFIN in a GNN has the potential to enhance performance, as PFIN is known for
reducing noise during integration. This improvement has been demonstrated in applications
such as protein function prediction. In the current study, a DGA PFIN was constructed with
the specific goal of developing computational approaches for drug repurposing, with a focus

on disease-gene associations.

In the future, several other improvements are also possible, such as a much wider exploration
of the hyperparameter space. Among the other future research directions, the model’s
behaviour under different circumstances. Testing different types of encoders, such as the use
of Graph attention network (GAT), other types of decoders, and other types of loss functions

could provide potential improvements.
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Chapter 7

Conclusions and Future Work

7.1 Introduction

Drug repurposing provides a cost-effective and time-saving strategy for developing new
treatments [229], [230]. Computational approaches facilitate this process by rapidly
generating hypotheses [8]. Among these approaches, network integration is particularly
notable in the most recent in silico drug repurposing [12], [27], [45]. Network integration
combines diverse data sources into a unified network, yielding new insights into potential
drug repurposing opportunities. This method is essential for examining the relationships
among various components of biological systems, such as proteins, genes, diseases, and drugs
[12], [48], [64]. A thorough understanding of these interconnected components aids in

comprehending complex biological systems and producing precise results [48], [64].

DGA networks serve as one of the foundational elements of these integrated networks and are
extensively used in drug repurposing applications. However, current DGA networks often
contain significant noise due to false results in biological data [163], [164]. PFINs have
demonstrated efficacy in reducing noise within PPI networks [57], though their application to
DGA networks remains limited. This project examined the use of the PFIN approach to

enhance the accuracy and reliability of DGA networks.

Accurate networks are important for computational methods such as deep learning, which has
emerged as a leading technique in computational drug repurposing. Graph Neural Networks
(GNNs), in particular, have gained considerable attention. GNNs operate on integrated
heterogeneous networks, with their performance highly dependent on the quality of these

networks. Therefore, the accuracy and reliability of the included data are critical.

This research investigated and developed computational approaches to drug repurposing by
integrating PFINs with GNNs, focusing on DGA data. First, PFIN approaches to DGA data
were examined and refined. Second, GNN models were developed to predict links between
drugs and diseases using heterogeneous integrated networks that incorporate DGA networks.

The efficacy of deep learning models, such as GNNs, relies heavily on the quality of the
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training data. Integrating PFIN approaches can reduce noise in these networks, thus

enhancing the performance of GNNGs.

In the concluding chapter, the key findings and contributions of each research chapter were
reviewed, contextualising them within the study's original objectives. The implications of
these conclusions for current research practices were discussed, address the limitations of this

work and their impact on the findings, and propose potential directions for future research.

7.2 What Has Been Achieved?

The contribution of the work presented can be categorised into two main parts:

7.2.1 Part One: Investigation of Novel Approaches to Apply the PFIN Approach to DGA
Data

Identifying DGAs is a key approach in the field of drug repurposing to help understand
disease mechanisms. Computational approaches to identifying DGAs that rely on a single
data type have various limitations (Section 2.3). By adopting a comprehensive approach and
considering all available evidence, more reliable inferences can be drawn. Although methods
like DisGeNET score and integrate DGAs, their scoring can be arbitrary. For instance,
DisGeNET scores DGAs based on the evidence supporting them, using a cumulative metric
that includes manually curated sources, model organism databases, and text-mined
associations ( Section 2.3). This approach does not account for duplicated evidence across the
three evidence types which introduces bias to the confidence scores. Existing methods for
integrating and scoring DGAs are based on heuristic methods [108], [141], [160]. However,
these heuristic methods often fail to account for duplicate data [141], [159] . Duplicate data
can significantly inflate confidence scores, compromising the accuracy of the predictions. For
instance, the confidence scores developed by DisGeNET were upweighted due to the
duplicate evidence across curated, animal model, inferred, and literature sources (Section
4.3.5). However, after removing these duplicates, the DisGeNET’s confidence scores were
diminished, resulting in more accurate confidence scores (Section 4.3.5). The correlation
between DisGeNET’s DGA scores with and without duplicate data illustrated the impact, as
scores with duplicates consistently appeared higher than those without (Figure 4.28). This
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consistent upward shift demonstrated the influence of duplicated data on the confidence

SCOr€s.

The PFIN approach detailed in Chapters 4 and 5 offers a more unbiased and comprehensive
view of DGAs. Unlike DisGeNET, the probabilistic approach in this work derives
associations from separate, independent sources of evidence, reducing the bias caused by
duplicated associations. By utilising diverse and independent evidence sources, PFIN
provides a more robust and thorough evaluation of DGAs, ensuring that duplicated
associations do not unduly influence the scores. This method could enhance prediction
reliability, making it an essential tool in drug repurposing. In the approach presented in this
work, for example, the data-source-based approach began by removing duplicate evidence
among the curated data sources as the initial step in generating DGA confidence scores. This
step is important, as PFIN integrates DGAs from distinct and independent sources (Section
4.3.1.1). Unlike existing heuristic methods, which generate DGA confidence scores
susceptible to bias from duplicate evidence, the approach in this work is more robust due to
duplicate removal. It was found that duplicate evidence significantly impacts both LLS scores

and weighted sums, which, in turn, could influence PFIN performance (see Figure 4.15).

The PFIN approach has been widely applied in PPI networks to generate PPI confidence
scores [56], [57], [354]. In PPI networks, there are many available sources of individual
datasets and gold standards [87], [183], [185], [186]. However, in the case of DGA networks,
heuristic methods have been widely used to generate confidence scores [141], [160], while
the use of probabilistic methods has remained limited. For DGA networks, defining
individual datasets and determining a reliable gold standard is less straightforward and can
depend on the network's intended use. A network constructed to study a specific group of
diseases may have different considerations and validation criteria than one aimed at drawing
broader, more global inferences across diseases. In Chapter 4, novel strategies were described
to investigate the identification of gold standard data and individual datasets to build DGA
PFINs. Two main approaches were developed to define the gold standard for DGA data and
the individual datasets representing separate evidence of DGAs: the data source-based
approach and the individual study-based approach. The results indicated that the individual
study-based approach outperformed the data source-based approach in network analysis

techniques. However, treating individual experimental studies for DGA as individual datasets
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resulted in a high rate of data loss. This is because DGA experimental studies often focus on
specific diseases or related groups of diseases, which may not be covered in the gold standard
data. Consequently, there is a lack of overlap between the datasets and the gold standard,
leading to data loss. A key question was how to define individual datasets for scoring?. In PPI
networks, treating individual experimental studies as distinct datasets yielded sensible results
and led to the exclusion of only a few datasets [50], [57], [90], [192]. However, in DGA data,
this approach may be suboptimal because most DGA studies focus on a single disease. This
bias results in more datasets being excluded if their diseases are not in the gold standard.
Creating a gold standard for DGAs that covers every possible disease is currently not
feasible, highlighting the need for an approach that reduces data loss. Evaluations of other
gold standard data were conducted in chapter 5. A potential approach was to use gold
standard data of a different type, such as shared pathway or high confidence PPIs. In this case

datasets were scored on how well they reflect known DGAs.

In Chapter 5, novel approaches were described to address the limitations presented in Chapter
4: limitations in gold standard identification, individual dataset identification, and network
evaluation techniques. To solve the limitation in identifying gold standard data, a new type of
gold standard was introduced using non-DGA gold standard data, including PPI gold
standard data and pathway interaction gold standards. It was found that using non-DGA gold
standards resulted in high data loss due to two main reasons: studies with single genes could
not be scored against non-DGA gold standards, and scoring DGAs against physical PPIs or
shared pathways led to loss because two genes may be involved in the same disease but not
physically interact or be in the same pathway. PPI gold standards, such as BioGRID, have
been used to score PPIs for building PFINs, resulting in minimal data loss [50], [57].
However, in the work presented in Chapter 5, a high rate of data loss was observed due to the
nature of DGAs compared to PPIs. Existing approaches typically score PPI datasets against
PPI gold standards, whereas this work scored genes associated with the same diseases against
both PPIs pathways. This method showed that two genes may be implicated in the same
disease without sharing common biological connections; they might not share the same
pathways or engage in physical interactions. Despite the high data loss, this approach could

be particularly valuable for understanding the underlying biology of diseases.
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To address the limitations in identifying individual datasets, where using a single
experimental study as an individual dataset led to high data loss, a novel text mining
approach was introduced. This approach grouped multiple experimental studies based on
their experimental techniques, creating more diverse individual datasets and reducing both
low (which led to data loss) and high overlap (which led to infinity scores). While several
text mining approaches have been developed to extract DGAs , they have not focused on the
experimental techniques that generated these associations. Understanding the experimental
techniques employed to generate DGAs is valuable information that can help define the
evidence supporting these associations. The novel text mining approach to extract
experimental DGA techniques was developed in Chapter 5 and has not been applied to
extract DGA experimental techniques from the biomedical literature. However, this approach
has limitations, primarily in dictionary construction. The performance of the text mining
approach is highly dependent on the accuracy of the dictionary used to mine the DGA
literature. Building an accurate and noise-free dictionary is important. Future work could
focus on manually cleaning the dictionary or creating a curated dictionary for DGA
experimental techniques. In the work reported in chapter 5, the experimental techniques in
EFO and EDAM ontologies were used to build a dictionary, which was then applied to
extract the techniques by matching terms in the dictionary with biomedical literature.
However, a more robust technique that could be explored in the future is a machine learning
approach using a Named Entity Recognition model to extract experimental techniques.
Training the model on annotated text, which includes experimental techniques, is currently a
work in progress and has not been completed yet. NER models have previously been trained
to extract DGAs from biomedical literature [108] but have not been applied to extract

experimental techniques associated with DGAs.

The text mining approach clustered DGA experimental studies based on their common
experimental techniques. To evaluate the quality of these clusters, existing techniques, such
as the Silhouette score, were used, indicating that studies grouped in the same cluster are
more related in terms of experimental techniques. Future work could involve systematic
analysis to score these clusters against gold standards, build PFINs by integrating these
datasets based on their scores, and evaluate the resulting networks using network evaluation

techniques.

216



Chapter 7: Conclusions and Future Work

To address limitations in network analysis techniques ( Section 4.3.3.1), a projection
approach was introduced, which involved collapsing DGA networks to GGA and DDA
networks, as analysis techniques for unipartite networks are more available and accurate. This
approach involved collapsing scored datasets and integrating them based on their scores, then
using unipartite network evaluation techniques. However, some limitations remain, such as
datasets that cannot be collapsed to GGA networks if they contain only single genes or to
DDA networks if they contain only single diseases. Existing methods for bipartite network
evaluation, including link prediction, often adapt unipartite link prediction techniques for
weighted bipartite networks [270], [271]. These methods, however, have their own
limitations ( Section 4.3.3.1). Some existing methods for DGA network analysis often
involve projecting the DGA network into unweighted unipartite networks, such as GGA
(gene-gene association) or DDA (disease-disease association) networks [63], [260]. Once
projected, these unipartite networks are clustered, and the resulting clusters are then evaluated
for their biological properties [135], [260]. However, the use of unweighted networks means
that edge confidence levels are not incorporated, which may limit the precision and relevance
of the identified clusters. In this work, the weighted DGA PFINs were projected into GGA
and DDA networks, and clusters were formed based on edge weights to create gene and
disease clusters. Additionally, edge weights were used to threshold the network, filtering out
low-confidence edges before clustering to enhance cluster quality. This approach enhances
the biological relevance of the clusters and provides a more nuanced view of gene and

disease associations.

In summary, this research presented a comprehensive approach to improving the reliability of
DGA identification in drug repurposing. By addressing the limitations of current methods
used in DGA networks and introducing novel strategies to generate DGA confidence scores,
this work enhances the robustness and accuracy of computational predictions, paving the way

for more effective drug repurposing efforts.
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7.2.2 Part two: Investigation of Novel Deep Learning Approaches to Drug Repurposing
based on DGA Data Using GNN Models

In Chapter 6, a set of hypotheses was stated and tested to improve GNNs performance. First,
the investigation focused on whether training GNNs on extended heterogeneous biomedical
knowledge graphs, which include multiple and diverse types of nodes and edges, could
enhance GNN performance. Two versions of the graphs were implemented, one with reduced
types of nodes and edges and the second with extended types of nodes and edges to see the
impact of the additional types of edges and nodes on the performance of the GNNs. Results
demonstrated that incorporating a greater variety of node and edge types, given that the data
is of high quality, enhances GNN performance. However, the influence of different node and
edge types on the model's performance can vary, with some potentially reducing
effectiveness. In the future, the plan to address this issue is by systematically analysing the
impact of different classes of nodes and edges on the model's predictive capabilities. This will
involve experimenting with the addition and removal of specific node and edge types to
observe how these changes affect overall performance. Existing GNN-based methods operate
within constrained knowledge graphs, characterised by limited nodes and edge types [67],
[68], [69]. This limited scope can restrict the model's ability to capture the full complexity of
drug-disease relationships. These approaches aggregate information from directly connected
nodes restricted in a drug-protein-gene-disease, ignoring the other types of biological entities
such as pathways, tissues, side effects, phenotypes, that contain rich information about graphs
in drug repurposing applications. The results showed that including other relevant biomedical
entities to the Knowledge graph, like the NeDRex graph, could greatly contribute to enrich

the graph structure and semantics which could improve the GNN prediction.

Secondly, the study examined whether incorporating node features within GNNs could lead
to performance improvements. The research demonstrated that adding node features could
improve GNN performance. Graphs that included node features performed significantly
better than those without them. However, one limitation was the absence of some critical
node features, which led to their exclusion from the graph. In future work, the plan is to
overcome this limitation by either supplementing the dataset to include these essential
features or by removing nodes that lack them. Deciding which node features to include is still

an open question. A possible future direction is to systematically analyse feature selection to
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pinpoint the most important features for GNN performance. Additionally, enhancing GNN
performance by incorporating edge-level features presents an interesting research avenue.
The NedRex database provides a rich set of edge features. Utilising these edge features could
significantly boost performance. Previous studies have lacked the incorporation of node
features in GNN models due to the absence of predefined features for nodes. For instance, in
work focused on training a GNN model using a heterogenous biomedical knowledge graph
[64], the researchers noted one limitation: they had not included node features because these
features were unavailable. They recommended that future work incorporate node features to

improve model performance.

Third, the research investigated whether incorporating PFIN approaches within GNNs could
improve performance, given that PFINs typically reduce noise in integrated networks.
However, it was found that this approach resulted in lower performance compared to graphs
without filtering DGAs using the PFIN approach. This outcome was attributed to a specific
limitation: the necessity for disorder identifier mapping between the NeDRex graph, which
used Mondo identifiers for disorders, and the PFIN network, which used UMLS identifiers.
Due to this mapping process, a significant number of DGAs in the PFIN were lost. To address
the limitation of identifier mapping in future work, several strategies can be employed.
Firstly, developing or adopting more advanced methods for mapping disorder identifiers
between databases, such as Mondo and UMLS, could improve accuracy. This could involve
creating a comprehensive mapping database or utilising machine learning techniques.
Secondly, augmenting the datasets by filling in missing identifiers through cross-referencing
additional databases, using text mining techniques to extract identifiers from scientific
literature, or manually curating the data to ensure completeness could help. Thirdly,
implementing hybrid approaches that combine multiple mapping strategies might reduce data

loss.

Although existing GNN approaches for computational drug repurposing have achieved
remarkable performance, they often prioritise handling missing data while assuming existing
data is of high quality. This assumption can limit the effectiveness of these models, as their
success relies heavily on the quality and reliability of the data used. Addressing data quality
issues to the same extent as data completeness may therefore enhance the robustness and

applicability of these methods. Despite this challenge, PFINs generally contributed to noise
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reduction during integration and could potentially lead to overall performance improvement.
Including PFIN in a GNN has the potential to enhance performance, as PFIN is known for
reducing noise during integration. This improvement has been demonstrated in applications
such as protein function prediction. In the current study, a DGA PFIN was constructed with
the specific goal of developing computational approaches for drug repurposing, focusing on
DGAs. As a future avenue of research, other types of PFINs, such as PPI PFINs and DTI
PFINs, could be explored to further expand the scope and capabilities of the approach.

Many previous studies have focused on specific diseases. For example, research targeting
COVID-19 constructed graphs specifically populated with COVID-19-related information
[25], [68], [311]. In contrast, the NeDRex biomedical knowledge graph includes a variety of
diseases, enabling a more heterogeneous approach. Training the GNN model on a diverse
biomedical knowledge graph like NeDRex facilitated predictions across a broad range of
drugs and diseases, beyond just COVID-19 (See novel predictions in Section 6.3.7). This
approach broadens the scope of drug repurposing applications, potentially extending their

relevance to a wider array of diseases.

The model with the best performance was used to predict links between drugs and disorders,
and these predictions were validated through literature and previous studies. However, these
predictions require further validation in vitro and in vivo and cannot be considered
completely accurate at this stage. The ultimate aim of any drug repositioning project is to
advance promising hits to clinical trials to benefit patients. Drug repositioning is more
complex than often imagined, with many projects halting at the in vitro stage. Validation of
candidate hits for preclinical drug evaluation necessitates in vitro and in vivo models.
Additionally, the selection of appropriate hits for validation is critical, as factors such as high
toxicity, cost, and low bioavailability can influence the choice of drugs. Clinical trial costs are
also a significant consideration, especially for off-patent drugs. Identifying potential

collaborations is essential for advancing promising hits.

Dosing is a particularly challenging aspect of drug repositioning, as the therapeutic threshold
and half-life of drugs vary widely. Drugs are approved at specific dosage strengths, and any
deviation requires substantial development costs. For instance, sildenafil was reformulated at
different dosages for its repositioning from treating erectile dysfunction to pulmonary arterial

hypertension. Caution is needed when in vitro concentrations exceed clinically observed
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levels. Therefore, dose levels must be carefully considered before advancing repositioning
opportunities. Pharmacological modelling can predict dose ranges, which is important for

ranking lead optimization and designing early clinical trials.
7.3 Conclusion

The approaches researched and developed in this work addressed several limitations in
existing methods for drug repurposing. One of the most common strategies in computational
drug repurposing is network integration, which combines diverse heterogeneous biomedical
data into a single network. DGA networks are considered one of the most frequent and
fundamental subnetworks within these large, integrated heterogeneous networks. Despite
their importance in understanding disease mechanisms and facilitating drug repurposing,
DGA networks have notable limitations. Existing DGA networks often contain high levels of
noise due to false results, particularly from high-throughput data. Additionally, these

networks are typically either unweighted or weighted with unreliable confidence scores.

To address these issues, an accurate integrated network was constructed using the PFIN
approach. This method reduces noise in DGA networks, enhancing their biological accuracy.
Building DGA PFINs requires two main components: a high-confidence gold standard for
DGAs and individual datasets representing DGAs. The work presented focused on
developing strategies to identify high-confidence gold standards and compile reliable

individual datasets for constructing accurate DGA PFINs.

The resultant accurate DGA PFINs can be integrated with other biomedical networks and
mined for drug repurposing opportunities. Many computational approaches have been
developed to mine networks and infer links between drugs and diseases. The quality of
network mining results heavily depends on the quality of these networks. GNNs are
commonly used to mine relationships between drugs and related entities such as diseases and
targets. These deep learning models work on integrated networks. However, existing GNNs
suffer from two main issues: low data quality or missing data. They often operate on noisy
networks with high false result rates or on limited heterogeneous integrated biological

networks that exclude important biological entities and relationships.

To address these gaps, GNN models were applied to extended heterogeneous integrated

networks with various types of nodes and edges, reducing noise by incorporating the PFIN
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approach. These enhanced GNN models are powerful tools for predicting links between

drugs and diseases.

In conclusion, while this research has contributed towards addressing several limitations of
current in silico drug repurposing methods by focusing on improving the data quality of DGA
networks, it also raises new research questions as discussed through this section. Addressing
these questions will lead to more accurate and comprehensive results. The contributions of
this work have mitigated some of the limitations in existing approaches, particularly
concerning the data quality of DGA networks, which are the foundation of most biological
networks used in drug repurposing. By improving the quality of biological data, this work

promises to help enhance the effectiveness of computational methods in drug repurposing.
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Appendix A
Investigating the Applicability of Probabilistic Functional Integrated
Networks to Disease-Gene Networks

900
. 7000 600
20000 H 12000
550
17500 1 £000 0 e
500 10000 a
9 15000 & s000 3z [ g
5 « @ 4502 N 3
< 2 S @ 7002
5 12500 S ° ¥ 8000 —
H . 54000 400 5 5
2 10000 & Z H H 5
=
E 350§ 2 600 E
3000 E 6000 5
7500 7 00 z
5000 2000 5
6C 250 4000 0
100 125 150 175 20.0 225 250 275
10 15 20 25 30 ;
Edge weight threshold Edge weight threshold 10 15 20 25 30
Edge weight threshold
1800
11000 50000
7000 10000 800 1700
70000
9000 0 1600
, N o 60000 g
E 6000 8 so00 700 9 1500 %
¥ S @ 50000 E
% 4 5 7000 ) ¥ 1400 2
2 s000 H 600 8 S 40000 2
° (7} E- z
] 000 £ H 1300
z
E 5000 z 0000 L2005
4000
4000 0 20000 1100
3000 10000 1000
3000
125 150 175 200 225 250 275
125 150 175 20.0 22.5 20 275 Edge weight threshold 12 14 16 18 20 22 24

Edge weight threshold Edge weight threshold

80000

70000

60000

50000

40000

Network size

30000 1

20000

10000

10 12 14 22 24

16 20
Edge weight threshold

Figure A.1. Network size and cluster count at selected edge weight thresholds, chosen based on weight distribution and
highest average cluster connectedness. Thresholds: 12 for SSA_ SMA, HEL LEL, MCS SCS; 13 for MG _IES, OMIM IES,
UniProt_CDS; 15 for OMIM _CDS.
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Constructing Disease-Gene Association PFINs with Gene-Gene Association
Gold Standards
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Figure B.1. SOL schema of the DisGeNET sqlite database, from https://www.disgenet.org/app.
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Figure B.2. DisGeNET association type ontology, from, (https:/www.disgenet.org/dbinfo)
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Appendix C

A computational Approach to Drug Repurposing Incorporating Graph
Neural Networks and Probabilistic Functional Integrated Networks
focusing on Disease-gene Association Data
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Figure C.1. Semantic subgraph showcasing some predictions. In this visualisation, nodes are colour-coded for easy
identification: blue nodes denote entities of type 'disorder,' green nodes represent 'gene’ entities, pink nodes signify 'drug’

entities and red nodes indicate ‘protein’ entities. Notably, the dashed red edge symbolises the predicted link between the drug
and the disease as inferred by the model.
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