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Abstract

Alzheimer’s disease (AD), Huntington’s disease (HD), and spinocerebellar ataxia (SCA),
especially SCAL and SCAS3, are characterized by neuronal degeneration. This thesis aimed to
identify overlapping patterns and common mechanisms among these disorders using protein-
protein interaction networks (PPINs). PPINs for AD, HD, and SCA were constructed
using data from KEGG, STRING, and WikiPathways. Network analysis, clustering, and
functional enrichment analysis revealed shared biological processes, including responses to
misfolded proteins and the endoplasmic reticulum-associated degradation (ERAD) pathway,
across all three disorders. A consistent cluster was found in three di erent PPINSs. So,
despite their distinct genetic origins and clinical di erences, these diseases share common
mechanisms. This thesis demonstrates that PPINs can uncover patterns across di erent
diseases that may help identify shared drug targets.
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1 Introduction

Finding a solution to neurodegenerative diseases has proven to be a signi cant challenge for
humanity. These diseases result from the complex interaction between environmental and genetic
factors during the aging process [ ].

Neurodegenerative disorders are characterized by their persistent and progressive nature. A
crucial aspect of these diseases is the speci ¢ and symmetric degeneration of neurons within
the motor, sensory, or cognitive systemsV[ar99). Examples of neurodegenerative diseases
include Alzheimer's disease (AD), Huntington's disease (HD), and spinocerebellar ataxia
(SCA) Il 1.

These diseases exhibit considerable variability in their characteristics and underlying mechanisms.
For instance, AD arises from a combination of genetic factors and environmental in uences, such
as lifestyle and agingf ]. In contrast, HD is caused solely by a speci ¢ genetic mutation in
the HTT gene, making it a hereditary condition [ ]. Similarly, SCA is primarily caused

by genetic mutations, with di erent subtypes showing variability in the severity and progression
of symptoms depending on the speci ¢ genetic mutation involved [ ].

Aditionally, there is a signi cant contrast in the prevalence of these diseases. AD is one of the
most prevalent neurodegenerative diseases worldwide\[G27]. However, despite the signi cant
variation in HD prevalence across di erent geographical regions, being more common in the
Western world compared to Asia or Africa I ], both HD and SCA are classi ed as rare
neurodegenerative diseases [ 1 ]

Studying these diseases together is motivated by the recognition that, despite their di erences,
shared mechanisms might underlie their pathogenesis. Examining these diseases collectively can
uncover common patterns and interconnections that may not be apparent when each disease is
studied in isolation | ]. This comparative approach has the potential to reveal new insights
into the molecular processes common to these disorders, thereby enhancing understanding and
paving the way for more e ective treatment strategies.

1.1 Neurodegenerative Diseases

This subsection provides a detailed overview of three neurodegenerative diseases: Alzheimer's
disease (AD), Huntington's disease (HD), and spinocerebellar ataxia (SCA).

1.1.1 Alzheimer's disease (AD)

AD is a progressive and irreversible neurodegenerative disorder, primarily known for causing
memory loss, cognitive decline, and behavioral changésy] ]. It is the most common form

of dementia, with two main subtypes: early-onset AD (EOAD), diagnosed before age 65, and
late-onset AD (LOAD), diagnosed after 65. Due to its prevalence LOAD is the focus of most
research[ ].

AD is mainly characterized by two abnormal processes in the brain: the formation of amyloid
plagues and neuro brillary tangles, both of which contribute to the death of brain cells[K18].
The rst protein that plays a part in AD is Amyloid Precursor Protein (APP)[ ]. APP, a
type | transmembrane protein | ] that normally plays a role in communication between



nerve cells. Under normal conditions, APP is broken down in a controlled manner. However,
in AD, it is incorrectly cleaved by an enzyme called -secretase] ]. This results in the
production of amyloid- (A ), a sticky protein that accumulates to form plaques and disrupt
communication between neurons| ]

The second key protein is tau. Tau is a protein found in the structure of nerve cells, specif-
ically in microtubules. In AD, tau becomes abnormally modi ed through a process called
phosphorylation] ]. This leads to the formation of twisted bundles known as neuro brillary
tangles. These tangles disrupt the normal functioning of neurons and eventually contribute
to their death[ ]. Tau phosphorylation is likely in uenced by A plaques, but the exact
mechanism behind this interaction is not yet understood| ].

Genetic factors, including mutations in the APP gene and the presenilin genes (PSEN1 and
PSENZ2), can lead to Alzheimer's disease at a younger agé| ]. For older people another
genetic factor is important, namely the APOE 4 allele[ ].

1.1.2 Huntington's disease (HD)

Huntington's disease (HD) is a rare autosomal-dominant neurodegenerative disorder that a ects
the central nervous system. It is characterized by uncontrollable movements, behavioral changes,
and progressive cognitive decline, including dementia | ]

HD is caused by a mutation in the huntingtin (HTT) gene located on chromosome 4. This
mutation leads to an abnormal expansion of the CAG sequence, resulting in the production of
an excess amount of the amino acid glutamirepo1q[ ]. In individuals without HD, the
HTT gene typically contains fewer than 35 CAG repeats. Those with more than 40 repeats
are certain to develop the disease, while individuals with 35 to 40 repeats fall into a "reduced
penetrance” range, meaning they may or may not show symptoms, and if symptoms do appear,

they tend to be milder or onset later in life[ ].

Although the exact cellular function of the HTT protein remains unclear[ ], current treat-
ments aim to reduce the amount of mutant HTT using methods such as CRISPR/Cas9 and
targeting HTT mRNA. However, there is still no cure for the disease [ ]

1.1.3 Spinocerebellar ataxia (SCA)

SCAs are genetic disorders that cause progressive degeneration of the cerebellum, leading to
di culties with balance and coordination. Although SCAs encompass a range of conditions, this
section will only concentrate on SCA1 and SCAS.

Spinocerebellar ataxia type 1 (SCA1) SCALl is an autosomal-dominant neurodegenerative
disorder characterized by symptoms such as di culty with balance and coordination, problems
with eye movements, and occasionally peripheral nerve issu&d] ]. Similar to HD, SCA1

Is caused by an expansion of CAG repeats, but in this case, the repeats occur in the ATXN1
gene instead of the HTT gene. This mutation results in an abnormally long polyglutamine
(polyQ) chain in the ataxin-1 protein. The expanded polyQ chain causes toxic e ects, leading
to dysfunction and degeneration of nerve cells, particularly in the cerebellum, brainstem, and
spinocerebellar tracts | ]



Neurodegeneration in SCAL primarily a ects Purkinje cells in the cerebellum. Although di erent
SCA types vary genetically, they all share this common feature of Purkinje cell degeneration
[ ]. Despite these ndings, the precise mechanism behind SCA1 development remains not
fully understood [ ]

Spinocerebellar ataxia type 3 (SCA3) SCAZ3, also known as Machado-Joseph disease, is
the most common type of spinocerebellar ataxiéa] ]. Like Huntington's disease (HD),
SCA3 is an autosomal-dominant neurodegenerative disorder caused by an expanded CAG repeat
in the ATXN3 gene, which encodes the ataxin-3 protein. Healthy individuals have fewer than 44
CAG repeats, while those with SCA3 have between 52 and 86 repeats | ].

Clinically, SCA3 is characterized by progressive ataxia, which a ects balance, gait, and speech.
Additional symptoms may include muscle rigidity, dysarthria (di culty with speech), oph-
thalmoplegia (abnormal eye movements), and dystonia. As with other polyglutamine (polyQ)
diseases, there is currently no cure for SCA3, and treatment focuses on managing symptoms

[ I 1

1.2 Protein-Protein Interaction Networks (PPINS)

As introduced earlier in this chapter, the motivation for studying diseases together lies in the
potential for shared underlying mechanisms despite their di erences. By analyzing diseases
collectively, it is possible to uncover common patterns and interconnections that might not be
evident when each disease is studied in isolatioAl[C05]. This approach is especially valuable
for rare diseases, where the limited number of cases makes isolated study challenging.

PPINs represent the complex processes occurring within a cell in a graph-like structure. In
the network, proteins are represented as nodes, while the interactions between the proteins are
depicted as edges ]. These interactions can be directed or undirected, depending on the
relationship between proteins. For instance, when protein A activates protein B, a directed edge
goes from A to B, while mutual binding results in bidirectional edges [ ].

In recent years, the study of protein-protein interactions within organisms has gained increasing
importance, shifting focus from individual proteins to entire PPINS [ || 1 ].
New interactions within PPINs can be discovered using various methods. High-throughput
experiments, such as yeast two-hybrid assays] ], are one approach, though they are
prone to false positives and can be di cult to reproduce. Alternatively, information can be
extracted from literature and databases using text mining techniques, or predicted through
computational methods based on protein structures [ ]

PPINs are often analyzed using characteristics like node degree distribution, clustering co-
e cient, and characteristic path length, which help to classify them into topologies such as

random, small-world, or scale-free networkss| 1 ]. Biological networks typically
display a scale-free topology, where hub nodes, proteins with many interactions, play a central
role| ]. The main goal of PPIN analysis is to identify clusters of proteins that share

common characteristics, such as being expressed simultaneously or functioning in the same
biological process. Functional enrichment analysis can further elucidate the processes these
protein clusters may be involved in [ 1 ]



1.3 Ontologies

This section covers three essential ontologies: the Human Disease Ontology (DO), the Human
Phenotype Ontology (HPO), and the Gene Ontology (GO).

The Human Disease Ontology (DO) The DO provides a standardized system for classifying
human diseases, simplifying data integration across biomedical databases. By 2022, the ontology
had grown to include more than 10,800 diseases, ranging from rare to complex conditions. This
framework is key to aligning genomic, clinical, and computational data, enabling more e ective
comparisons between diseases [ ]

The Human Phenotype Ontology (HPO) Launched in 2008, HPO standardizes the way
phenotypic abnormalities are described in relation to diseases. Widely used in both clinical and
research settings, it integrates genomic and phenotypic data to improve diagnostics, gene-disease
discovery, and precision medicine. By 2021, HPO contained over 15,000 terms, aiding in disease
modeling and cross-species phenotype comparisons | ].

The Gene Ontology (GO) GO o ers a comprehensive vocabulary for annotating gene
functions, biological processes, and cellular components across all species. It enables consistent
data comparison and integration, particularly in genomics and systems biology. With more
than 6.8 million annotations across 87,000 species, GO is continuously updated to re ect new
biological knowledge, making it an invaluable tool for studying shared pathways in various
diseases | ]

1.4 Research Question

This thesis is building upon the foundation of the created consensus PPINs of Huntington's
disease | ] [ ] and Alzheimer's diseaset[oe23. The goal of this thesis is hereby to
discover the overlapping patterns within PPINs that contribute to the characterization of
common features across di erent neurodegenerative conditions. AD, HD, and SCAI[ ]
serve as illustrative examples of distinct neurodegenerative diseases. By comparing the PPINs
of these neurodegenerative disorders, this research aims to discover overlapping patterns within
these PPINs. The research question of this thesis is therefore:

RQ: How do protein-protein interaction networks (PPINs) demonstrate overlapping and common
patterns in (rare) neurodegenerative disorders?

This thesis aims to provide insights into the identi cation of shared mechanisms across a
spectrum of neurodegenerative diseases. The ultimate goal of the research is to improve our
understanding of the molecular processes of neurodegenerative disorders, thereby creating
possibilities for more e ective treatment strategies.

1.5 Thesis overview

The rst chapter, Section 1 of this thesis provides background information and outlines the
study's objectives. Section 2 includes de nitions used throughout the thesis. Section 3 reviews
related work on PPINs for AD, HD, SCA, and overlaps in neurodegenerative diseases. Section
4 explains the methodology for constructing and comparing the di erent PPINs. The results



are presented in Section 5. The discussion and conclusion are found in Sections 6 and 7,
respectively. Appendix A contains images of the networks and clusters that are discussed. The
complete directory, including Cytoscape les, data, images, and results, is available at GitHub -
comparisonneurodegenerativedisorders. This bachelor's thesis was conducted at LIACS (Leiden
Institute of Advanced Computer Science) under the guidance of Dr. K.J. Wolstencroft.

2 De nitions

In this thesis, several abbreviations and technical terms are frequently used in the context
of protein-protein interaction networks (PPINs) and neurodegenerative diseases. Below is an
explanation of how these abbreviations and terms are utilized throughout this study:

" AD, HD, SCA, SCA1, SCA3 : These abbreviations refer to speci ¢ neurodegenerative
diseases: Alzheimer's disease (AD), Huntington's disease (HD), spinocerebellar ataxia
(SCA), spinocerebellar ataxia type 1 (SCAL), and spinocerebellar ataxia type 3 (SCA3).
\SCA" is used as a general term to describe the broader group of spinocerebellar ataxias,
while \SCA1" and \SCAS3" refer to speci ¢ subtypes.

C-PPIN (Consensus Protein-Protein Interaction Network) : C-PPIN refers to

a consensus protein-protein interaction network created using the automated work ow
that integrates protein interaction data from databases such as KEGG, Wikipathways,
and STRING. These networks are central to the thesis as they represent the complex
interactions between proteins within speci c diseases or across multiple diseases.

[Disease] C-PPIN : The notation [Disease] C-PPIN is used to refer to the consensus
protein-protein interaction network for a particular disease. For example, \AD C-PPIN"
denotes the network speci c to Alzheimer's disease, consisting of protein interactions
relevant to AD.

" Individual C-PPIN : Individual C-PPIN refers to a C-PPIN that represents the protein-
protein interactions of a single disease. Examples include the \SCA C-PPIN", \SCA1
C-PPIN", \SCA3 C-PPIN", or the \HD C-PPIN". Each Individual C-PPIN is dedicated
to the interaction network of one specic disease without combining data from other
diseases.

" Merged C-PPIN : Merged C-PPIN refers to a consensus protein-protein interaction
network that combines the data from two or more Individual C-PPINs. For example, \AD
\ SCA3 C-PPIN" represents a merged network of Alzheimer's disease and spinocerebellar
ataxia type 3, capturing interactions shared by both diseases, as well as unique interactions
from each.

Intersection C-PPIN  and Union C-PPIN : These terms describe speci c types of
merged networks. The Intersection C-PPIN includes only the protein interactions that are
common across the diseases being studied, while the Union C-PPIN includes all protein
interactions present in any of the considered diseases, providing a comprehensive view of
the combined interaction landscape.



3 Related Work

This chapter will discuss previous research on C-PPINs in AD, HD, and SCA, especially SCA1
and SCAS. In addition to that, the emphasis of this chapter also lies on the overlap between
neurodegenerative diseases found in protein-protein network analysis research.

3.1 Alzheimer's and Huntingtons's disease C-PPINs

The HD C-PPIN was initially developed by Chen Jiang (C.J.), who combined consensus data
from KEGG, WikiPathways, and STRING to create a detailed HD C-PPIN. This network
was speci cally designed to highlight both similarities and di erences between these pathways,
thereby improving our understanding of the HD pathway| ]

Nina Henninger(N.H.) later expanded on C.J.'s network by incorporating the latest STRING
data, as the KEGG and WikiPathways databases had not been updated. The new consensus
network showed slight di erences compared to the original network developed by C.J. After
integrating this updated information, N.H. conducted a comparative analysis with a separate
network created by Adam Labadorfet al. | ]. The analysis revealed that the proteins
ACTB, GAPDH, AKT1, TP53, and MYC were the most highly connected, with MYC being

the only protein among them to show upregulation, so when overexpressed, could contribute to
neurodegeneration [ ]

Finally, Aster de Boer (A.d.B) [ ] developed an AD C-PPIN using an automated work ow,

as detailed in Section 4. In A.d.B.'s research, the HD consensus PPIN was merged with the AD
C-PPIN to examine the overlap between these two networks. Data for the C-PPINs were sourced
from KEGG, WikiPathways, and STRING, just like the previous studies. The intersection of
the AD and HD C-PPIN revealed that approximately two-thirds of the network components
overlapped, with key biological processes such as chemical synaptic transmission, autophagy,
apoptosis, and nervous system development being enriched in the overlapping regiéiis=pJ.

A review of the literature further con rmed that these processes are signi cant in both AD
and HD, suggesting that PPINs analyzes can be instrumental in identifying shared pathways
between related diseases.

3.2 Spinocerebellar ataxia disease C-PPINs

In previous research, SCA C-PPINs were constructed to explore the underlying molecular
mechanisms of the disease. Eidheft al. conducted a notable study, with the objective of
identifying shared biological processes among the genes mutated in SCA[S19. The study
integrated data from multiple databases, including GeneMANIA, HPRD, and BioGrid, to
create a complete PPIN. The network analysis showed that genes linked to SCA form tightly
connected groups involved in important processes like balancing calcium levels, sending signals
between nerve cells, and responding to cellular stress. The study discovered that these patterns
of protein interactions are consistent across di erent forms of SCA, regardless of how the disease
is inherited. It also highlighted that problems with maintaining nerve cell function contribute to
the disease's progression. The research provided important insights into possible treatments for
SCA and its links to other neurodegenerative diseases like AD and HDJ I

Another important study by Sousa et al. (2023) ] aimed to nd new treatment targets
for SCAL using the EvoPPI3 platform, a meta-database for protein-protein interactions (PPI).
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EvoPPI3 combines PPI data from di erent sources, including patients, cell lines, and model
organisms like fruit ies. Sousaet al. expanded the known network of the Ataxin-1 protein to
include 909 interacting proteins, up from the previous 380. Their analysis identi ed 16 potential
new treatment targets. Their work demonstrates how PPINs can help nd new treatment options
for SCA1 and shows how PPIN approaches can be useful for understanding and addressing
other neurodegenerative diseases.

In addition to the previous two studies, another study also developed a SCA PPIN. This
study, conducted by Limet al. [ ], aimed to understand speci ¢ neurodegenerative
diseases that damage Purkinje cells, leading to imbalance in the cerebellum. SCA is one such
disease. However, while the genetic mutations causing these diseases are known, the normal
roles of the a ected proteins remain unclear. To investigate these functions, the researchers
constructed a PPIN for 54 proteins involved in 23 inherited ataxias. They expanded the network
by incorporating known protein interactions from scienti c literature, as well as evolutionarily
conserved interactions. Using the yeast two-hybrid screening method, the study identi ed 770
new protein-protein interactions. The ndings showed that many proteins associated with SCA
share common interacting partners, some of which have been linked to neurodegeneration in
animal models.

3.3 Overlap in neurodegenerative diseases

Several studies have explored the overlap between di erent neurodegenerative diseases using
PPIN analyses. To emphasize the insights gained from studying overlapping neurodegenerative
diseases, one relevant study is discussed in detail.

In the study titled \Interactome Mapping Provides a Network of Neurodegenerative Disease
Proteins and Uncovers Widespread Protein Aggregation in A ected Brains'by Haenig et

al. ], an interactome map was created using a yeast two-hybrid interaction screening.
The map focuses on neurodegenerative diseases, including 5,000 human proteins and approxi-
mately 30,000 candidate protein-protein interactions. This network revealed how proteins linked

to various neurodegenerative diseases, such as AD, HD, and SCAL, are connected [-24].

One of the key ndings of this study is the identi cation of signi cant overlap between protein
networks involved in di erent neurodegenerative diseases. Speci cally, pathogenic proteins in
AD, such as -amyloid and tau, were found to aggregate abnormally not only in AD but also in
the brains of patients with other disorders such as HD and SCA. This supports the hypothesis
that these diseases may share common disease mechanisms, particularly in terms of protein
aggregation. For example, ATXN1, a mutated protein in SCA1, was found to aggregate in
the brains of patients with Alzheimer's disease, further indicating an overlap between these
conditions][ ].

4 Methods

In this chapter, the methodology used for this study is thoroughly explained. It begins with

a general overview of the data collection process and preprocessing steps common to all indi-
vidual C-PPINs. Following this, the speci c steps for recreating the AD, HD and the creation

of the SCA C-PPINs are detailed, utilizing the automated work ow developed by A.d.B.5 ]



To select the diseases for this study, both the Human Phenotype Ontology and the Human

Disease Ontology were employed to identify relevant disease phenotypes and classi cations.
This process led to the selection of spinocerebellar ataxia, speci cally SCA1 and SCA3, be-
cause, like HD, these rare disorders are polyQ diseases, which makes them particularly relevant
for this study. A detailed explanation of the disease mechanisms of SCA, is described in Section 1.

The chapter then presents the methodology for merging and comparing these networks, adhering
to the structure outlined in A.d.B.'s thesis, which includes network, clustering, and functional
enrichment analyses. This approach is inspired by a review article by Kadt al. [ ],
which provides a robust framework for such analyses. An overview of the entire methodology,
including key steps and processes, is presented in Figure 1.

Figure 1: Overview of the methodology for creating, merging and comparing C-PPINs. The gure
illustrates the key steps and processes involved in data collection, network creation, network analysis,
clustering, and functional enrichment.



4.1 Tools and Resources

In this study, various databases, software, and resources were employed. The speci c versions
used are listed in Table 1. As these databases and software applications are frequently updated,
the exact versions implemented in this research are detailed in the table.

Table 1: Overview of the databases and software applications used in this research, including
the speci ¢ versions that were used.

Tools/resource Version
Cytoscape 3.10.1
3.10.2
CyREST | ] 3.13.2
Wikipathways (CysApp) [ ] 3.3.10
stringApp (CysApp)[ ] 2.0.3
NetworkAnalyzer (CysApp)[ 11 45.0
MCODE (CysApp)[ ] 2.0.3
BiINGO (CysApp)[ ] 3.0.5
STRING database 12
AD _hsa05010.gml 05/2024
WP5124.gpml 05/2024
HD _hsa05016.gml 05/2024
WP3853.gpml 05/2024
SCA hsa05017.gml 06/2024
WP470.gpml 06/2024

4.2 Data Sources

The data sources that were used to create the C-PPINs include the Kyoto Encyclopedia of
Genes and Genomes (KEGG), the Search Tool for the Retrieval of Interacting Genes/Proteins
(STRING), and the WikiPathways database. These databases are explained in more detail below.

The KEGG database is a carefully organized collection of information about genes and genomes,
providing a helpful tool for biological research. Each database entry is assigned a unique KEGG
Identi er (KEGG ID). KEGG was initially developed to map genes to biological pathways, but

it has since broadened its scope to include genomics as well as a variety of other omics disciplines.
Human diseases, in particular, have become a major focus within the KEGG PATHWAY
database. Therefore, the KEGG database was especially useful for this study, as it provides
data on the AD, HD, and SCA pathways, making it a crucial data source<| 110 i

Another important data source used in this study is WikiPathways, an open-source database
dedicated to biological pathways. WikiPathways gathers shared knowledge about these biological
pathways, o ering a valuable resource for research. A key advantage of WikiPathways is its

open and collaborative nature, which aligns with the FAIR principles|ensuring that data

is Findable, Accessible, Interoperable, and Reusablei{ ]. Additionally, WikiPathways

has been extensively used to analyze and integrate experimental data from transcriptomics,
proteomics, and metabolomics studies, making it a multifunctional tool for biological research

and, therefore, a useful resource for this study |[ 11 ].
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The last data source that was used for this study is the STRING database. The STRING
database systematically gathers and integrates data on protein-protein interactions, including
both physical interactions and functional associations. This information comes from various
sources, such as text mining of scienti c literature, computational predictions based on co-
expression, conserved genomic context, interaction experiments, and curated databases of known
complexes and pathways. These interactions are carefully evaluated, scored, and then applied to
less-studied organisms using hierarchical orthology. [ 11 ]

4.3 Pre-processing

For this study, assigning proteins to UniProt IDs was essential for merging the various datasets
into one C-PPIN. The UniProt Knowledgebase (UniProtKB) provides a comprehensive and
high-quality set of protein sequences with detailed annotations [ ]. Using UniProt IDs
ensures that proteins are consistently identi ed across di erent datasets, making it easier to
create a reliable C-PPIN.

Before the work ow could be used, the gathered data needed to be pre-processed to create three
networks that could be merged into a single consensus network. The sciipiyg data _converter.py
was used to convert proteins KEGG pathways to UniProt IDs. This script was originally created
by A.d.B. For this study, the converter was slightly modi ed to make data retrieval easier by
adding a function that allows direct use of KEGG pathway IDs. This function automatically
constructs the appropriate URL, retrieves the data from the KEGG database in KGML format,
and returns the pathway information. This was done to make it easier to convert the data when
you want to create di erent disease C-PPINs.

In addition to converting KEGG data, the WikiPathways data also needed to be converted. The
script wikipathways _convert _uniprotiDs _NoriaYousufi.py was created by Noria Yousu
(N.Y) [ ] and remains unmodi ed for this study. The links to all the converters are
provided in Table 2.

Table 2: Links to the converters used for transforming KEGG IDs and WikiPathways IDs to
UniProt IDs, including a modi ed version for the KEGG ID conversion.

Converter Link

KEGG to Uniprot kegg_data converter.py

KEGG to Uniprot - slightly modi ed kegg_data _converter _modified.py

Wikipathways to Uniprot created by N.Y. | wikipathways _convert _uniprotlDs _NoriaYousufi.py

After the data from the di erent databases were loaded, the work ow utilized a Cytoscape
app called STRINGapp. STRINGapp can convert any network in Cytoscape into a format
that provides access to additional node attributes from the STRING database, as well as other
features like enrichment analysis. This conversion process, known as "STRINGify," was applied
to create a stringi ed version of the three di erent C-PPINs, allowing for enhanced analysis and
integration of the networks| ]. Table 3 outlines the speci ¢ settings employed for this
process.
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Table 3: Parameter settings used to convert KEGG and WikiPathways networks into a string
representation.

Parameter | Setting

Column for STRING query | uniprot

Include unmappable nodes| False

Map nodes to compounds | False

Species for the query Homo Sapiens

4.4 Work ow Setup

First, the python libraries py4cytoscape and pandas were installed. Additionally, the automated
work ow utilizes CyREST, a Cytoscape app that enables communication between the execution
environment and Cytoscape. This setup allows the work ow to interact directly with Cytoscape,
ensuring that network data can be manipulated and analyzed e ciently within the execution
environment[ ].

Furthermore, as noted in [/F], databases often assign a con dence score to each interac-
tion, which helps users Iter out less reliable data. This score ranges from 0 to 1, with higher
values indicating greater con dence that the interaction is biologically relevant. STRING uses a
special scoring system that combines di erent types of evidence into one con dence score for
each predicted interaction V ]. Higher scores suggest more reliable data, while lower
scores permit more interactions in the network. The con dence cuto score was set at 0.4,
as A.d.B.'s study showed no signi cant advantage in using a higher cuto score, such as 0.7.
Therefore, the choice was made to use the lower score to maximize the number of connections
while still reducing the amount of noisy data. However, some noise may still be present in the data.

Additionally, A.d.B.'s study found that the clusters remained mostly the same even with
an expansion of 2000 proteins. Since the aim of this study focuses more on the overlap between
the SCA C-PPIN and the other C-PPINSs, it was decided not to expand the networks.

4.5 Merging and Filtering

After preprocessing and setting up the work ow discussed in the previous sections, the data
from KEGG, WikiPathways, and STRING were created into separate networks. Before merging
these networks, some rows in the STRING and WikiPathways networks lacked canonical names
because they represented elements other than proteins, such as micro-RNAs. These rows were
removed to ensure a smooth merging process. The networks were then combined using canonical
names (or UniProt IDs) to match corresponding nodes accurately. To track database overlaps in
the merged network, a lter was applied to label each node based on its source database. This
labeled data was integrated into the merged network, making it easier to examine how nodes
are distributed across di erent databases.

4.6 Recreation of Alzheimer's and Huntington's C-PPINs

With the foundational work ow established and the merged network in place, the next step
is to apply this approach to speci c disease contexts. The following chapter focuses on the
recreation of the AD and HD C-PPINs as the data used to create the C-PPINs is constantly
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being updated. As explained at the beginning of this chapter, the automated work ow created
by A.d.B. was used for the creation of the new AD and HD C-PPINs.

The data from the three di erent databases, KEGG, WikiPathways, and STRING, were used.
The identi ers for AD and HD are presented in Table 4 and Table 5. The identi ers used to
create the AD C-PPIN are the same as those in A.d.B.'s study.

Table 4: Identi ers and retrieval links for the KEGG, Wikipathway, and STRING databases
used in recreating the AD consensus network.

Database L AD Identi er Link

KEGG hsa05010 https://lwww.kegg.jp/pathway/hsa05010

Wikipathways | WP5124 https://lwww.wikipathways.org/pathways/WP5124 .htm|
STRING DOID:10652 https://string-db.org/

Table 5: Identi ers and retrieval links for the KEGG, Wikipathway, and STRING databases
used in recreating the HD consensus network.

Database L HD Identi er L Link

KEGG hsa05016 https://www.kegg.jp/pathway/hsa05016

Wikipathways | WP3853 https://www.wikipathways.org/pathways/WP3853.html
STRING DOID:12858 https://string-db.org/

4.7 Creation of the Spinocerebellar Ataxia Consensus networks

Just like the recreation of the AD and HD C-PPINs, the automated work ow created by A.d.B.
was used for the creation of the SCA C-PPIN.

The data from the three di erent databases, KEGG, WikiPathways, and STRING, were used.
The identi ers for the SCA C-PPIN are presented in Table 6.

Table 6: Identi ers and retrieval links for the KEGG, WikiPathways, and STRING databases
used in recreating the SCA consensus network.

Database SCA Identi er Link

KEGG hsa05017 https://lwww.kegg.jp/pathway/hsa05017

WikiPathways | WP4760 https://www.wikipathways.org/pathways/WP4760.html
STRING DOID:42582 https://string-db.org/

471 SCA1&SCAS3

Since the SCA1 and SCA3 data in KEGG, Wikipathway, and STRING are in the SCA pathway,
the SCAL1 and SCA3 C-PPINs were created using the built-in select function in Cytoscape.
The speci c disease proteins were rst selected: ATXN1 for SCAL1 and ATXN3 for SCAS3. After
selecting the speci ¢ disease proteins, the following settings were applied:
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" Select! Nodes ! First Neighbors of Selected Nodes ! Undirected
" Select! Edges! Edges between Selected Nodes

After selecting the speci c nodes and edges, the new C-PPINs were created from the selection.

4.8 Merging and comparing the C-PPINs

Merging C-PPINs from diseases like AD, HD, and SCA is crucial for identifying both shared
and unique molecular mechanisms. This approach can uncover common interaction hubs and
new pathways that might be missed when analyzing networks separately| ]

Therefore, after establishing the individual C-PPINs, new merged C-PPINs were generated
using the built-in merge function in Cytoscape. The speci ¢ settings applied for creating the
merged C-PPINs are summarized in Table 7.

Table 7: Parameter settings for merging C-PPINs in Cytoscape.

Parameter Setting
Operation Intersection
Matching Columns name

How to Merge Columns Default
Enable Merging Nodes/Edges True

A list of the di erent individual C-PPINs and their merged networks can be found in Table 8.

Table 8: List of the individual and merged C-PPINs.

Category Networks

Individual C-PPINs | AD, HD, SCA, SCAL, SCA3
AD \ HD

AD \ SCA

HD\ SCA

AD \ SCAl

HD \ SCA1

AD \ SCA3

HD \ SCA3

Merged C-PPINs | AD \ HD\ SCA

AD\ HD\ SCA1

AD\ HD\ SCA3

AD \ SCA1\ SCA3

HD\ SCA1\ SCA3

AD\ HD\ SCA1\ SCA3
AD [ HD[ SCALl[ SCA3
AD [ SCA1[ SCA3

HD [ SCAL[ SCA3

Before merging the individual C-PPINSs, it was necessary to stringify them since the individual
C-PPINs were not created in the same Cytoscape le. The C-PPINs were exported to .CYJS
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les, and the settings for stringifying the di erent individual PPINs are detailed in Table 3.
The .CYJS les can be found here. Additionally, to perform the network analysis (discussed
in section 4.8.1), speci c columns of the individual PPINs had to be converted to the correct
type, as the CYJS le had converted them to doubles instead of integers. This conversion was
done using thecolumn.type converter.ipynb . This step was completed prior to merging the
C-PPINs.

4.8.1 Network Analysis

To perform the network analysis on the di erent C-PPINS in Table 8, theAnalyze Networktool
in Cytoscape was used, were the setting '‘Analyze as Directed Graph' was set to False. In Table
8 the di erent parameters of the network analysis are being described. The defenitions of the
di erent parameters are based on the defenitions in the review articles§ 1 I ]

[ 1

Table 9: De nitions of parameters used in the network analysis of individual and merged C-
PPINs, shown in Table 8.

Parameter De nition

Node Represents a single protein in a PPIN.

Edge A link between two nodes, signifying an interaction or relationship
between proteins.

Node degree The number of connections (edges) a node has with other nodes.

Node degree distribution A probability distribution showing how the number of connections varies
across nodes, which helps in understanding the network's structure.

Characteristic path length | The average distance (in terms of edges) between any two nodes in the
network, indicating how closely connected the network is overall.

Average clustering coe cient | This metric re ects how connected a node's neighbors are. A higher clus-
tering coe cient means that a node's neighbors are likely interconnected.
The average across all nodes gives the network's clustering coe cient.

Network diameter The maximum distance between the two most distant nodes, based on
the shortest paths.

Network density Indicates how many connections exist in the network relative to the
total possible connections.

Network heterogeneity Measures the variation in node connectivity. High heterogeneity points

to the existence of hubs|nodes with a disproportionately high number
of connections, common in biological networks.

Network centralization Describes the variation in the centrality of nodes, showing how much
more central some nodes are compared to others.
Betweenness A measure of a node's importance based on how frequently it lies pn

the shortest paths between other nodes. Higher betweenness suggests a
node is critical for network connectivity.

Connected components Refers to the distinct, isolated sub-networks within the larger network.
A fully connected network has one component, while a network with
isolated nodes has multiple components.
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4.8.2 Clustering Analysis

For the clustering analysis in this study, the same method utilized in A.d.B.'s research was uti-
lized. There, the Cytoscape tool Molecular Complex Detection (MCODE)-H03] was employed

to identify clusters within various C-PPINSs [ ]. MCODE is speci cally designed to detect
small clusters of densely connected nodes, though it does not assign every protein within the

network to a cluster [ ]. MCODE identi es clusters in a network by focusing on areas
where nodes are densely connected. It starts with a dense "seed" node and expands outward to
nd larger dense regionsf Il ]. One major advantage of MCODE compared to other

clustering methods is its ability to focus on speci ¢ clusters of interest without analyzing the
entire network. This makes it especially useful for studying how di erent clusters are connected
within protein networks [ I 1 ]

For every created C-PPIN a cluster analysis has been performed. In Table 10 the parame-
ter settings that were applied in the clustering analysis can be found.

Table 10: Parameter settings for MCODE clustering analysis.

Parameter L Setting

Find Clusters In Whole Network
Include Loops False

Degree Cuto 2

Haircut True

Flu False

Node Density Cuto | 0.1
Node Score Cuto 0.2
K-Core 2

Max.Depth 100

4.8.3 Enrichment Analysis

A common approach for enrichment analysis in protein sets involves using the Gene Ontol-
ogy (GO) database, which classi es proteins into three main domains: Cellular Component,
Biological Process, and Molecular Function. The Biological Process categarny(], in partic-
ular, is useful for identifying processes that are statistically overrepresented within a protein
cluster] 1 ]. To maintain consistency with prior research, such as the methodology
outlined in A.d.B.'s study, this approach was adopted in the current analysis.

In line with A.d.B.'s research, BINGO, a Cytoscape-integrated tooif ], was used for
the enrichment analysis. Enrichment analysis helps identify biological processes or functions that
are overrepresented in a dataset compared to what would be expected by chance. The statistical
test typically used is the hypergeometric test which determines whether the number of proteins
or genes associated with a specic GO term is signi cantly higher than expected. BINGO
performs these statistical tests to identify signi cantly enriched GO terms in the selected clusters
and visualizes them within the GO hierarchyfdi][ ]. To re ne the analysis and minimize
false positives, statistical corrections such as the Bonferroni or Benjamini-Hochberg adjustments
were appliedf ]. Additionally, the stringApp tool facilitated functional enrichment analysis
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of STRING data, with results seamlessly integrated into Cytoscape for further analysisj ]-

Following the cluster analysis, enrichment analysis was conducted on selected clusters. The
focus was on clusters containing disease-related proteins from either AD or HD, speci cally
APP, APOE, MAPT, PSENL1, PSEN2, or HTT, as well as SCA-related proteins like ATXN1

or ATXN3. An overview of the selected clusters is provided in Table 18. Both BINGO and
stringApp were utilized for these analyses.

First, STRING enrichment was obtained for each cluster, concentrating on biological pro-
cesses while Itering out redundant terms. Subsequently, BINGO graphs were generated for
each cluster, with the parameter settings detailed in Table 11.

As recommended in A.d.B.'s study, the most recent version of the GO database was downloaded
for the BINGO analysis to replace the outdated default versioH] ]. The latest version
can be downloaded fronmnttps://geneontology.org/docs/download-ontology/#go_basic
Additionally, as noted in A.d.B.'s study, the default STRING identi ers could not be used
directly in BINGO; therefore, the canonical names of the proteins had to be manually entered
into the parameter settings.

Table 11: Con guration parameters for BINGO enrichment analysis.

Parameters BINGO setting
Paste genes from text
(copy the values from stringdb::canonical names column)

Retrieve data

Assess Overrepresentation
Visualization True
Statistical Test Hypergeometric test

Multiple testing correction | Benjamini & Hochberg False Discovery Rate (FDR) correction
Sigini cance level 0.05
Categories to be visualized Overrepresented categories after correction

Reference set Use whole annotation as reference set
Ontology le go-basic.obo

namespace biological process
Organism/annotation Homo Sapiens

Discard evidence codes

5 Results

This chapter presents the results of the network analysis, clustering, and enrichment analysis of
the individual and merged C-PPINs that were created. The Cytoscape les that were used can

be found atcytoscape files . Some images of the C-PPINs that were created can be found
in Appendix A.1 and A.2. Images of selected clusters can be found in Appendix A.3. A full

overview of the results is available omesult _data and images.

5.1 Network Analysis

Figures 3 to 7 display the individual C-PPINs generated for each disease. Figures 8 to 10
illustrate the most relevant merged C-PPINs. Key disease-related proteins (APP, APOE, MAPT,
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HTT, PSEN1, PSEN2, ATXN1, ATXN3) are enlarged, and the color scheme represents the
con dence level of each protein's activity in the nervous system, with darker colors indicating
higher con dence. Additionally, the di erent shapes indicate the database sources for the protein
data.

Using the Network analysistool from StringApp, network analysis was performed. The results

of the individual C-PPINs analysis, including key topological properties such as the number
of nodes, number of edges, average number of neighbors, network diameter, network radius,
characteristic path length, clustering coe cient, network density, network heterogeneity, network
centralization, and the number of connected components, can be found in Table 12. For the
results of the network analysis across all merged C-PPINs, including the same metrics, see
Tables 13 and 14.

Table 12: Network analysis results: Topological properties across the individual C-PPINs.

C-PPIN AD HD SCA | SCAl1 | SCAS
Number of nodes: 2112 2030 780 93 85
Number of edges: 118820| 105642| 17121 867 1080
Avg. number of neighbors:| 111.572| 103.278| 45.052| 18.344| 24.988
Network diameter: 5 5 6 2 2
Network radius: 3 3 3 1 1
Characteristic path length: | 2.192 | 2.230 | 2.448 | 1.801 | 1.703
Clustering coe cient: 0.444 | 0.432 | 0.483 | 0.633 | 0.651
Network density: 0.053 | 0.051 | 0.060 | 0.199 | 0.297
Network heterogeneity: 0.98 0.945 | 1.01 | 0.719 | 0.554
Network centralization: 0.438 | 0.394 | 0.301 | 0.818 | 0.719
Connected components: 2 2 22 1 1
Analysis time (sec): 4.452 | 5.009 | 0.332| 0.009 | 0.007

The reconstruction of the AD and HD C-PPINs resulted in some variations in the network
analysis outcomes compared to the studies by A.d.B2§e23 and N.H. | ]. Figures 3 and

4 display the reconstructed C-PPINs. As shown in Table 12, the updated C-PPINs have more
nodes and edges than previously reported: the new AD C-PPIN now has 2112 nodes and 118,820
edges, compared to 2104 nodes and 95,608 edges. Similarly, the HD C-PPIN now includes 2030
nodes and 105,642 edges, up from 2023 nodes and 82,753 edges. Additionally, the characteristic
path length for both the AD and HD networks has decreased relative to the values reported
by A.d.B. and N.H. The characteristic path length of the AD and HD C-PPINs are both even
shorter compared to the SCA C-PPIN, which has signi cantly fewer nodes and edges.

Another important observation is that the network analysis results for the AD\ HD \ SCA1

\ SCA3 and AD\ SCA1\ SCA3 C-PPINs are completely identical (see Table 13 and Table
14). This means that all measured network properties, including the number of nodes, number
of edges, average number of neighbors, network diameter, network radius, characteristic path
length, clustering coe cient, network density, network heterogeneity, network centralization,
and connected components are the same for both networks. The analysis revealed that the
inclusion of the HD C-PPIN in the AD\ HD\ SCA1\ SCAS3 C-PPIN does not introduce any
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unique nodes or edges. The nodes and edges contributed by HD are already present in the AD
\ SCA1\ SCA3 C-PPIN.

Figure 2 presents a Venn diagram comparing the AD HD \ SCA1\ SCA3 and AD\
SCA1\ SCA3 C-PPINs. The smaller circles represent the SCA C-PPINs, which have more
in common with the HD C-PPIN, as they are both PolyQ diseases. It can be seen that the
HD C-PPIN does not add any additional nodes to the intersection of all C-PPINs. While this
diagram does not replicate the networks in detail, it serves as a visual aid to illustrate the
overlap between these C-PPINSs.

Figure 2: Venn diagram comparing the overlap of C-PPINs for AD, HD, SCA1, and SCA3. The
diagram shows that the HD C-PPIN does not introduce any unique nodes or edges to the shared
intersection of AD, SCA1, and SCA3. The stronger overlap between HD and the SCA C-PPINs re ects
their shared classi cation as PolyQ diseases.

Additionally, since the HD C-PPIN did not introduce any new nodes in the intersection, union
networks were created. As shown in Table 13, the AD SCA1[ SCA3 and HD[ SCA1][
SCAS3 C-PPINs contain slightly more nodes than the individual AD or HD C-PPINs. Moreover,
the AD [ HD [ SCA1[ SCA3 C-PPIN contains signi cantly more nodes than any of the
individual C-PPINs, though not as many as the combined total across all networks, which is
5,023 nodes. Images of all union networks are available here.
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Table 13: Network analysis results I: Topological properties across the merged C-PPINs.

C-PPIN Number | Number | Avg. number Network Network | Characteristic
of nodes | of edges | of neighbors diameter radius path length
AD \ HD 1499 81895 109,022 4 2 2,135
AD \ SCA 437 12260 56,005 4 2 2,154
HD \ SCA 509 13699 53,906 5 3 2,206
AD \ SCAl 51 521 20,431 2 1 1,591
HD \ SCA1 64 676 21,125 2 1 1,665
AD \ SCA3 60 712 23,600 3 2 1,642
HD \ SCA3 77 937 24,312 3 2 1,708
AD \ HD\ SCA 424 11885 56,052 5 3 2,152
AD \ HD\ SCA1 49 500 20,408 2 1 1,575
AD \ HD\ SCA3 60 709 23,600 3 2 1,642
AD \ SCAl1l\ SCA3 31 267 17,226 2 1 1,426
HD \ SCA1\ SCA3 39 354 18,154 2 1 1,522
AD \ HD\ SCA1\ SCA3 31 267 17,226 2 1 1,426
AD [ HD[ SCA1[ SCA3 2674 142843 105,581 5 3 2,29
AD [ SCA1[ SCA3 2167 119413 109,266 5 3 2,220
HD [ SCA1[ SCA3 2063 105942 101,890 5 3 2,248

Table 14: Network analysis results Il: Topological properties across the merged C-PPINSs.

C-PPIN Clustering Network Network Network Connected Analysis

coe cient density heterogeneity | centralization components | time (sec)
AD \ HD 0,468 0,073 0,874 0,463 1 3,507
AD \ SCA 0,592 0,128 0,778 0,373 1 0,235
HD \ SCA 0,550 0,106 0,818 0,347 2 0,195
AD \ SCAl 0,688 0,409 0,427 0,616 1 0,003
HD \ SCA1l 0,642 0,335 0,473 0,686 1 0,004
AD \ SCA3 0,688 0,400 0,479 0,568 1 0,004
HD \ SCA3 0,661 0,320 0,531 0,671 1 0,006
AD \ HD\ SCA 0,595 0,133 0,769 0,375 1 0,164
AD \ HD\ SCAl 0,692 0,425 0,414 0,599 1 0,003
AD \ HD\ SCA3 0,688 0,400 0,479 0,568 1 0,006
AD \ SCA1\ SCA3 0,777 0,574 0,362 0,455 1 0,001
HD \ SCA1\ SCA3 0,739 0,478 0,395 0,550 1 0,003
AD \ HD\ SCA1\ SCA3 0,777 0,574 0,362 0,455 1 0,002
AD [ HD[ SCA1[ SCA3 0,427 0,04 1,042 0,386 3 8,435
AD [ SCA1[ SCA3 0,449 0,050 1,000 0,429 2 6,273
HD [ SCA1[ SCA3 0,436 0,049 0,958 0,390 2 4,040

19




5.2 Clustering Analysis

In total, 21 MCODE clustering analyses were performed across all the generated C-PPINs listed
in Table 8. The number of clusters identi ed in each C-PPIN varied signi cantly, ranging from a
maximum of 38 clusters to a minimum of 2 clusters. Due to the large number of C-PPINs, it was
essential to Iter the clustering results. Following the approach outlined in A.d.B.'s study, the
focus was on the clusters containing key disease-related proteins, namely APP, MAPT, APOE,
PSEN1, PSEN2, HTT, ATXN1, and ATXNS.

Tables 15, 16, and 17 provide detailed overviews of the clusters containing these disease-
related proteins within the individual, intersection, and union C-PPINs, respectively. The
clusters are listed in descending order based on their clustering score within each network. A
higher clustering score indicates greater con dence that the group of proteins forms a functional
complex [ ]

Looking at Table 15 the clustering results for the updated AD C-PPIN and HD C-PPIN
di er from those reported in A.d.B.'s and N.H.'s studies. The total number of clusters in the AD
C-PPIN is now 30, down from the original 35, while the HD C-PPIN now contains 33 clusters
instead of 30.

Another signi cant observation that can be seen in Table 15 is the absence of clusters in
the AD C-PPIN containing the ATXN1 disease protein, despite its presence in the overall
network.

Importantly, Table 16 show three clusters that are completely identical across multiple C-
PPINs, having the same node and edge count and containing the same disease proteins from
AD, HD, SCA1, and SCA3:

" AD \ SCA1l\ SCAS3 - Cluster 1
" HD\ SCA1\ SCA3 - Cluster 1
" AD\ HD\ SCA1\ SCA3 - Cluster 1

Figures 11, 12, and 13 illustrate these three clusters, each containing the four disease proteins
APP, HTT, ATXN1, and ATXNS. These clusters share a clustering score of 17,158, which, while
relatively low on a scale of 0 to 100, should not be disregarded.

Finally, given the large number of clusters, enrichment analysis was conducted only on the

clusters that contained disease proteins from AD or HD, along with proteins from SCA, SCA1,
or SCA3. The selected clusters for this analysis can be found in Table 18.
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Table 15: Clustering analysis results: overview of the number of clusters, clusters containing
disease-related proteins, node and edge counts, and clustering scores across individual C-PPINs

C-PPIN Total Cluster Disea'se Node Edge Clustering
#Clusters Proteins Count | Count | Score
Cluster 1 APOE 284 13899 97,357
Cluster 2 APP 194 6754 69,689
Cluster 4 MAPT 125 813 13
AD 30 Cluster 5 HTT 144 762 10,643
Cluster 10 ATXN3 94 335 6,194
Cluster 11 PSEN1 40 113 5,795
Cluster 29 PSEN2 6 7 2,8
Cluster 1 APOE 260 105642 100,919
Cluster 2 APP 135 3286 48,701
HD 33 Cluster 3 HTT 189 2439 25,83
Cluster 5 PSEN2, ATXN3 164 882 10,81
Cluster 11 MAPT 75 258 6,973
Cluster 17 ATXN1 4 6 4,000
Cluster 2 APP APOE, MAPT 84 1232 29,518
SCA 17 Cluster 3 HTT, PSEN1 48 338 14,340
Cluster 4 ATXN3 61 312 10,167
SCAL 5 Cluster 1 APP, HTT, ATXN3 27 147 11,077
Cluster 2 PSEN1, ATXN1 22 94 8,857
SCA3 5 Cluster 1 APP, MAPT 22 166 15,810
Cluster 2 | HTT, ATXN1, ATXN3 18 108 12,588
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Table 16: Clustering analysis results: overview of the number of clusters, clusters containing
disease-related proteins, node and edge counts, and clustering scores across intersection C-PPINs

C-PPIN Total Cluster Disegse Node Edge Clustering
#Clusters Proteins Count | Count | Score
Cluster 1 APOE 269 14574 107,873
Cluster 2 APP 122 2347 38,793
Cluster 3 HTT 153 1609 21
AD \ HD 20 Cluster 4 PSEN2 178 1230 13,898
Cluster 7 PSEN1 65 292 9,094
Cluster 8 MAPT 65 190 5,938
Cluster 9 ATXN3 84 221 5,325
Cluster 2 APP, APOE, MAPT 85 1249 29,667
Cluster 3 HTT, PSEN1 48 332 14,085
AD \ SCA 10 Cluster 4 ATXN3 46 228 10,133
Cluster 8 PSEN2 22 53 5,048
Cluster 9 ATXN1 18 37 4
Cluster 2 APP 80 1070 27,013
HD \ SCA 12 Cluster 3 | APOE, MAPT, HTT, PSEN1 48 329 14
Cluster 4 ATXN3 52 265 10,392
Cluster 11 ATXN1 11 18 3,6
AD \ SCA1 3 Cluster 1 APP, HTT, ATXN3 19 101 11,222
Cluster 2 PSEN1, ATXN1 18 93 10,941
HD \ SCAL 4 Cluster 1 APP, HTT, ATXN3 20 105 11,053
Cluster 2 PSEN1, ATXN1 26 126 10,08
AD \ SCA3 4 Cluster 1 APP, MAPT 19 137 15,222
Cluster 2 HTT, ATXN1, ATXN3 16 97 12,933
HD \ SCA3 5 Cluster 1 APP, MAPT 18 128 15,059
Cluster 2 ATXN1, ATXN3 18 116 13,647
Cluster 2 APP 80 1064 26,911
Cluster 3 | APOE, MAPT, HTT, PSEN1 47 320 13,913
AD \ HD \ SCA 10 Cluster 4 ATXN3 47 269 11,696
Cluster 8 PSEN2 22 42 4
Cluster 10 ATXN1 13 21 3,5
AD \ HD \ SCA1 3 Cluster 1 APP, HTT, ATXN3 18 96 11,294
Cluster 2 PSEN1, ATXN1 18 94 11,059
AD \ HD \ SCA3 4 Cluster 1 APP, MAPT 19 137 15,222
Cluster 2 HTT, ATXN1, ATXN3 16 97 12,933
AD \ SCAl1 \ SCA3 2 Cluster 1 APP, HTT, ATXN1, ATXN3 20 163 17,158
HD \ SCAl1 \ SCA3 2 Cluster 1 | APP, HTT, ATXN 1, ATXN3 20 163 17,158
AD \ HD \ SCAl1 \ SCA3 2 Cluster 1 | APP, HTT, ATXN1, ATXN3 20 163 17,158
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Table 17: Clustering analysis results: overview of the number of clusters, clusters containing
disease-related proteins, node and edge counts, and clustering scores across union C-PPINs

C-PPIN Total Cluster Disea.se Node Edge Clustering
#Clusters Protein Count | Count | Score
Cluster 1 APOE 284 14427 97,187
Cluster 2 APP 196 6943 70,749
Cluster 3 HTT 238 3394 253
AD [ HD [ SCAl1 [ SCA3 38 Cluster 4 MAPT 129 847 13,094
Cluster 11 PSEN1 72 205 5,746
Cluster 17 | PSEN2, ATXN1 37 77 4,278
Cluster 22 ATXN3 14 22 3,385
Cluster 1 APOE 284 13899 97,357
Cluster 2 APP 191 6749 70,737
Cluster 4 MAPT 125 813 13
AD [ SCAl1 [ SCA3 34 Cluster 9 HTT 113 436 7,768
Cluster 10 PSEN1 50 146 5,959
Cluster 13 ATXN3 79 188 4,744
Cluster 17 | PSEN2, ATXN1 27 53 4
Cluster 1 APOE 260 13762 100,919
Cluster 2 APP 135 3286 48,701
Cluster 3 HTT 189 2439 25,83
HD [ SCAl [ SCA3 35 Cluster 5 | PSEN2, ATXN3 164 882 10,81
Cluster 7 PSEN1 96 434 9,116
Cluster 11 MAPT 75 258 6,973
Cluster 24 ATXN1 3 3 3

5.3 Enrichment Analysis

The enrichment analyzed was performed on 18 selected clusters. These clusters were selected
form the clustering analysis. The clusters that were chosen are the clusters that both have a
SCA disease protein (either ATXN1 or ATXN3), and a disease protein from AD (APP, APOE,
MAPT, PSEN1 or PSEN2) or HD (HTT). See Table 18 for an overview of the the selected

clusters. The clusters are ordered in clustering score, from a bigger clustering score to a lower
clustering score.

Following the example in A.d.B's study two ways were applied for the enrichment analysis; a
STRING enrichment and a BINGO enrichment:

" The STRING enrichment analysis was performed on each cluster. STRING enrichment
orders the di erent processes by their false discovery rate (FDR). That is a statistical
measure used in the context of multiple hypothesis testing. It represents the proportion of
false positives among all the hypotheses that have been identi ed as signi cant. In other
words, FDR quanti es the expected rate at which incorrect conclusions are drawn from
the set of hypotheses that were considered signi cant| ]

In this study, BINGO analysis results are visualized as a directed acyclic network repre-
senting sections of the Gene Ontology (GO) related to biologicial processesli| [ ]
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[ ]. Each node corresponds to a GO term, with more general processes positioned
higher and more speci c processes lower in the hierarchy. Nodes that are not enriched
appear in white and act as connectors, while the color of each node indicates the level
of enrichment-light yellow for signi cance and dark orange for higher signi cance. Node
size represents the number of proteins associated with each term. Due to the hierarchical
nature of the network, a node that leads to a lower-level node with similar attributes often
indicates that the lower node is a major contributor to the observed enrichment. Thus, the
most signi cant ndings are shown by the large orange nodes at the bottom of the graph.
This hierarchical layout was applied consistently across all clusters listed in Table 18.

Table 18: Selected clusters containing both SCA disease proteins and AD or HD disease proteins
across individual, intersection and union C-PPINSs.

C-PPINs Total Cluster Disea.se Node Edge Clustering
#Clusters Proteins Count | Count | Score
HD 33 Cluster 5 PSEN2, ATXN3 164 882 10,81
SCA1L 5 Cluster 1 APP, HTT, ATXN3 27 147 11,077
Cluster 2 PSEN1, ATXN1 22 94 8,857
SCA3 5 Cluster 2 HTT, ATXN1, ATXN3 18 108 12,588
AD \ SCAL 3 Cluster 1 APP, HTT, ATXN3 19 101 11,222
Cluster 2 PSEN1, ATXN1 18 93 10,941
HD \ SCAL 4 Cluster 1 APP, HTT, ATXN3 20 105 11,053
Cluster 2 PSEN1, ATXN1 26 126 10,08
AD \ SCA3 4 Cluster 2 HTT, ATXN1, ATXN3 16 97 12,933
AD \ HD \ SCA1L 3 Cluster 1 APP, HTT, ATXN3 18 96 11,294
Cluster 2 PSEN1, ATXN1 18 94 11,059
AD \ HD \ SCA3 4 Cluster 2 HTT, ATXN1, ATXN3 16 97 12,933
AD \ SCAl \ SCA3 2 Cluster 1 | APP, HTT, ATXN1, ATXN3 20 163 17,158
HD \ SCAl1 \ SCA3 2 Cluster 1 | APP, HTT, ATXN1, ATXN3 20 163 17,158
AD \ HD \ SCAl \ SCA3 2 Cluster 1 | APP, HTT, ATXN1, ATXN3 20 163 17,158
AD [ HD [ SCAl1 [ SCA3 38 Cluster 17 PSEN2, ATXN1 37 77 4,278
AD [ SCAl [ SCA3 34 Cluster 17 PSEN2, ATXN1 27 53 4
HD [ SCAl [ SCA3 35 Cluster 5 PSEN2, ATXN3 164 882 10,81

First, examining the images in Figures 11 to 13, the STRING results for the three clusters|
AD \ SCA1\ SCA3 - (Cluster 1), HD\ SCA1\ SCAS3 (Cluster 1) and AD\ HD\ SCA1

\ SCA3 (Cluster 1), discussed in Section 5| reveal that they share the same GO biological
processes. These include thresponse to topologically incorrect proteingositive regulation of the
catabolic processthe ERAD pathway, regulation of protein localization and chaperone mediated
autophagy The corresponding FDR values are listed alongside each biological process. The
BINGO hierarchical graphs of the three clusters appear large and broad, with many yellow
nodes, indicating signi cant but less strongly enriched processes. There are few orange nodes at
the ends, which would suggest higher signi cance. Notably, all three graphs share one orange leaf
node with the same term, namelymitochondrial outer membrane translocase complex assembly
See Figure 14.

Images of all clusters analyzed using STRING and BINGO are available auster _images,
showing GO biological processes and their associated FDR values. The results of the BINGO
enrichment analysis can be found aBINGQOesults
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6 Discussion

Since the AD and HD C-PPINs were recreated, the results of the network analysis show minor

di erences compared to those in A.d.B.'s and N.H.'s studies2pe2][ ]. As expected,
the recreated C-PPINs contain a higher number of nodes and edges due to the continuous
updates in data sources like KEGG, WikiPathways, and STRINGH il il i

This increase in the number of edges has resulted in a decrease in the characteristic path
length for both the AD and HD networks, making them more cohesive and indicating that pro-
teins within these networks are more tightly connected than in earlier created C-PPINST| ].

A notable observation is that the HD C-PPIN does not introduce any new nodes in the
AD [ HD [ SCAl[ SCA3 network. This can be explained by the properties of AD. Since AD

is the only non-polyQ disease in this analysi$3B98][ ], it is expected that the nodes
and edges present in the Al) SCA1[ SCA3 C-PPINs are also found in HD, as HD is a polyQ
disease like SCA1 and SCA3] 1 ]. Additionally, the HD [ SCA1[ SCAS3 C-PPIN

is larger than the AD[ HD [ SCA1[ SCA3 network, suggesting that HD, SCA1, and SCA3
share overlapping nodes and edges due to their common polyQ mechanism.

Another signi cant observation is the di erence in clusters compared to those identi ed in
A.d.B.'s and N.H.'s analyses. Changes in network composition likely led to the formation of new
clusters. Additionally, the absence of clusters in the AD C-PPIN containing the ATXNL1 protein,
despite its presence in the network, may be due to how MCODE identi es clusters by focusing
on areas with dense connectivity. As a result, a cluster represents a subnetwork of proteins
that are highly physically connected and may be involved in related biological processes. This
approach works well for proteins that physically interact; however, for proteins involved in signal
transduction, where connections are more dynamic and unstable, capturing them in clusters
is more di cult. For ATXN1, its exclusion from a cluster may indicate unstable interactions
within the AD C-PPIN, making it less likely to be part of a densely connected groupf ]

It is also worth noting that the MCODE clustering algorithm is sensitive to noise, such as
false-positive interactions | ]

One of the most signi cant ndings of this study is the identi cation of three clusters across
multiple C-PPINs that exhibit consistent clustering results, including identical edge and node
counts, the same disease-associated proteins, and a uniform clustering score of 17,158. Although
this score is not particularly high compared to the maximum of 100, the presence of the same
cluster across three di erent networks suggests that these diseases share common mechanisms.
This nding also aligns with the interactome mapping study discussed in Section 3.3i] ].

Additionally, the STRING enrichment analysis reveals that the three clusters share simi-
lar biological processes. These include thiesponse to topologically incorrect proteingositive
regulation of the catabolic procesgshe ERAD pathway, regulation of protein localization and
chaperone mediated autophagyhe response to topologically incorrect proteins, as well as
the ERAD (Endoplasmic Reticulum-Associated Degradation) pathway, plays a critical role
in managing misfolded proteins, a key factor in neurodegenerative diseases5]. Misfolded
proteins can form toxic aggregates in diseases like AD, HD and SCA. The ERAD pathway helps
to prevent this by targeting misfolded proteins for degradation| ].
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7 Conclusions and Further Research

In this study, multiple consensus protein-protein interaction networks were recreated using an
existing automated work ow. The primary objective of this thesis was to identify overlapping
patterns within C-PPINs that contribute to the characterization of common features across

di erent neurodegenerative conditions, focusing on Alzheimer's disease, Huntington's disease,
and spinocerebellar ataxia (particularly SCA1 and SCA3). By comparing the PPINs of these
diseases, the goal was to discover shared mechanisms that could provide insights into their
molecular processes and potentially inform new treatment strategies.

The ndings suggest that these neurodegenerative diseases share signi cant biological mecha-
nisms, especially in processes related to protein misfolding. The identi cation of three consistent
clusters across di erent C-PPINs further supports the notion of overlapping mechanisms between
these diseases.

However, while this study focused on three polyglutamine (polyQ) diseases and one tauopathy,
future research could explore overlaps between di erent disease classes or focus on only one
disease class. Future studies could expand upon the techniques used here, integrating newer
data sources and more diverse disease types to further explore these overlaps or examine the dif-
ferences instead. The world of neurodegenerative diseases still holds many unanswered questions,
and the opportunities for discovery remain extensive.
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