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Abstract

Cancer is a major lifthreatening issue in Sri Lanka as well as worldwide. Netaysis of

Human Nervous System (HNS) cancers is a gap in current cancer research. The proposed
research is focused on identifying comman ainique signatures (patterns) in HNS cancers
using bioinformatics approaches.

We have used fifteen mutation cancer datasets and four gene expression datasets downloaded
from the cBio Portal and analyzed the data comprehensively. In mutation analygis, sin
nucleotide polymorphisms (SNP) were used. We have used clustering approaches, association
rules and community detection methods for filtering biologically meaningful gene clusters.
Gene expression data were also analyzed using these methods.

We have vhdated the identified gene clusters with the Mentha Human Interactome using the
Reactome pathways and silhouette statistics. The UniProt, Ensemble, PDB and Mentha
databases were used for data annotation and validation.

We found 5 association rules, 19 MD& gene clusters, 16 ClusterOne gene clusters and 622
M-Cliques from the HNS cancer profiles. These 669 gene clusters were identified as Human
Nervous system cancer (HNS) gene combinations. These signatures and their genes and
proteins are visualized astmerks. The genetic, protein level information of each gene and
actionable drug details for treatment are annotated and visually presented. We have created
the HNS interactome based on the network resitiliere are 569 genes (nodes) and 7282
edges (interetions). Moreover, we have suggested 8 gene panels for HNS cancer detection.
Furthermore, we have created an information enriched dataset for HNS cancer mutations.

We conclude that there are highly connectedrstivorks in HNS cancer. Since tumours

have ligh cross cancer similarity and heterogeneity it is difficult to find a pattern for
mutational level and gene expression level only using computational methods. Our
methodology is developed as a reusable component which can be used to analyze different
types of cancers. Finally, gene signatures can be practically realized as gene panels to test for
HNS cancers

Vi
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1. Introduction

1.1Background

A cancer or tumouis an abnormal mass of tisswecombination of cells) which may be solid

or fluid-filled. This is a general term that can refer to benign (generally harmless) or
mdignant (cancerous) growths. Malignatlnimouss are cancerous growths. They are often
resistant to treatment, may spread to other pdirtise body(metastasisaind sometimes recur

after they were removedAnalyzing cell sample from a tumour is the main hoek of
identifying tumour type and therapeutic target. Since tumour analysis requires a
multidimensional framework, computational approaches are essential to understand hidden
patterns in cancer data. We focus on developing a computational frameworkrfofyidg

human nervous system tumour types based on genetic and epigenetic alterations in the tumour

samples.
1.2 Motivation

Cancer is a major litghreatening issue in Sri Lanka as well as worldwAecording to the
World Health Organization,ancer is thesecond leading cause of death globaBgsed on
2018 statistics, it caus&d6 million deathgestimated) in 2018. Globally one out of six deaths
is due to cancefd].
Furthermore, around 70% of deaths occurred due to cancers and they are from low er middle
income countrie$l]. According to Sri Lanka Cancer Institute statistics (2014) 13635 cancer
cases were reported, and 10% of all deaths inL&rka in 2012 were due to canc¢gg.
Cancer is not one disease, but a family of diseases with diverse underlying molecular
mechanisms. Understanding these capedternsin greater detail will substantially focus
and improve therapeutic approachddy understanding tumoumpatterns (signatures),
researches will be able to understand the deeper level of tumour biology. Furthermore,
physicians can predict more effective therapies. Only 20% from low and rnddige
countries haveequireddata to drive cancer polici¢s]. Therefore, Sri Lanka needs to focus
on cancer big data analysis researcia aniddleincome country.
A tumour is a multifactorial abnormality. Analyzing tumour related data is a major
bottleneck in cancer research. Even tholagige amounts of data generatedd daily data
interpretationremains a major challeng&hereforecomputational approaches are essential
for the cancer data analysis. Furthermore, in tumouwtygibg underline patterns need to be
captured to compare and contrast different cancer types. Existing data can be used for meta
analysis in cancers to generate rengeliable cancer detections. Human Nervous system

1
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cancers ar¢he 10th leading cause of death for men and woghalpally [3]. Moreover, he
survival rate(5-yean for Nervous system cancessapproximately 34% for aleand 36% for
female[3]. Due to the above reasons, this research attempts to focus on studying patterns of

human nervous system cancer data.
1.3 Problem Overview

Cancer is a disease in which abnormal cells acquire the ability to divide without control and
invade other tissues. These attributes arise due to genetic and epigenetic alterations that
disrupt molecular pathways regulating genomic stability, cedliferation, and cell death.
Cancer is influenced by genetic and environmental factors and is a major health issue
throughout the world. Currently, vast numbers of researches are focused on understanding
cancer biology and developing treatments that atteb tailored to individual patients.
Molecular profiling data generated across many cancer tgpggport these aims; howeyer

their interpretation remains a major bottleneck for cancer resggrch

Cancers are currently classified in two ways: by the type of tissue in which cancer originates
(histological type) ad by primary site or the location in the body where cancer first
developedIln comparison with other approaches, cancer classifichi@sed orthe primary

site may not be accurat®r clinically informative, even though it is widely used within the
medial community. From a histological standpoitiiere area large number oflifferent
cancers, which are grouped into six major categoriemmely, Carcinoma, Sarcoma,
Myeloma, Leukemia, Lymphoma and Mixed Typ&his histological categorization also $a
noticeable limitations. Patients whos@mouss have similar histological characteristics often
have widely different clinical outcom¢s]. These¢umouss typially differ in their underlying
genetic and epigenetic alterations and are driven by distinct biochemical pathways and
mechanism$g]. It is thus increasingly apparent that a deeper moledeNat classification of
cancers is needed to complement and extend approaches basatorsite and histology.

The proposed research devedap detailed map of cancer types by analyzing ecwlar
profiling data to reveal both heterogenedégd similarity within Human Nervous System
cancer types, as well as patterns of similarity across such types. Redundancies in biological
pathways allowmany combinations of alterations to produce a simil@easeoutcome
However it is increasingly recognized that thereasstructure within the complexityf
cancers All cancers arise througkhe disruption of genes associated with fundamental
hallmark processes, giving rise to their commonly encountdreldaviars, such as

insensitivity to proliferative constraints or avoidance of programmed cell fi§athnalyzing
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cell sample from @umouris the main method of identifyingtumour type and therapeutic
targes.

Since, cancer data analysis has large numbers of variables, high dimensional clustering
methods are required to interpret the data. High dimensional clustering is an efficient
computational methotbr grouping similar objects into groups by understanding their large
set of attributes simultaneously. According to previous studies, Hard Clustgting
Hierarchical clusteringi7] and Fuzzy clusterin{] [9] methods were usedrfalustering and
classifyingtumourdata.The Bayesian approadiO] and Probabilistic modeld 1] have also
beenused fortumourevolution identificationHowever these tools haveomedisadvantages

[12]. The poposed research focuses on overcontiregpitfalls in existing toolsTo develop
molecular signaturedo differentiatetumours, several computational algorithms should be
integratedand thé& outputvalidatedagainst biological pathay data.

Sincetumouranalysis requirea multidimensional framework, computational approaches are
essentiato understand hidden subtypestimour samplesin this study, molecular features
which discriminate betweemeurological tumoutypesareannota¢d according to their role in

cancercritical processes to provide clearer biological and clinical insights.
1.4 Researchquestion

What are tkb gene patterns in Human Nervous system cancers which will help to detect HNS
cance?P

Specific research questions

To answer this overall question, the following sgbestions need to be addressed:
1 What are the important mutated genes/ proteins which can be used to detect HNS cancers?
1 What is the gene expression variation which can be used for HNS cancer comparison?

1 Are these genes alterations correlatth each other biologically as networks?
1.50Dbjective

Motivated by the above background, the specific objective of this research is to devise
computational framework fadentifying cancertumoursignatures irhuman nervos system
cancersThis is achieved through the following sabjectives.

1 To identify important mutated genes/ proteins which can be used to detect HNS cancers
1 To identify gene expression variation which carubed for HNS cancer comparison

To studythebiological relatedness of altered genes as a network

1 To develop theduman Nervous syste(RINS) cancer interactome (network)
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By achieving the above objectives we tried to answer the main research question.
Furthermore, we tried to perform the proposed stiad§ill knowledge gaps and facilitate
HNS cancer research. Therefdieg following objectives are also aimed.

1 To develop an integrative analysis platform S cancer data

1 To develop a reisable methodology f@ene signature identification othercancertypes
1.6.Scope

The scope of the study is to identify gene combinations in HNS cancers with mutation and
gene expression datdbtained fromthe cBio Portal. Theralysis will becarried outon the
2018 June version of the database gene interaction iafiam The study has conductknt

48 months.
1.7 Methodology

To analyze the data computational methods and biological information are considered. The

comprehensive procedure will be explained in the Methodology chapter.
1.8.Contribution of the research

The main atputs of this researchclude

1 Identification of the important mutated genes/ proteins signatures which can be used to
detect HNS cancers (Research question 1)

1 Identification the gene expression variation which can be used for HNS cancer
comparison (Re=arch question 2)

1 HNS cancer interactome which can be used to visualize biological relationship in the HNS
cancer genetic and epigenetic alteratigRassearch question 3)

1 Gene combinationgsignaturesywhich can be used for HNS cancer detection and predict
therapeutic targets

By-products stemming from the research include

1 Suggestions for@ne paneldgesigningto detect HNS cancers

1 A re-usable methodology fanutational data analysis other types otances

1 Review on existingnutation and gene expressidata analysi®ols

1 Information enriched dataset for future HNS cancer data analysis
1.90utline of the Thesis

The following chaptewwill discuss the literature relating to the computational and biological

analysis of cancer/tumour signatures identifigatidxisting tools and procedures are

4
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analyzed related to the scope of the proposed research. A comprehensive explanation of the
methodology used for solving the research problem is given in Chapldre3research is

having main three sections (Mutationafysis (A), Gene expression analysis (B) and Results
Integration (C)). Each section material and methods and results and discussion will be
discussed in separate chapters (Chapter 4: Mutation analysis, Chapter 5: Gene expression
analysis and Chapter 6: Réts Integration).The conclusions and future work resulting from

this research are presented in Chapter
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2. Related work

A tumouris influenced by genetic and environmental factors and is a major healtHassue
many humansCurrently, vast amounts aksearch are focused on understanding cancer
biology and developing treatments that are better tailored to individual patients and molecular
profiles. Molecular profiling datés generated across many cancer tyjpesupportof these

aims.
2.1 Cancer data anaysis

Cancer data analystan bemainly categorized into three sections. Firstly, Data mining was
done to compare and contrast cancers in a given organ of different pgtijniehe second

type is analyzing to compare and contrast different organ cancers in a[@dhofinally, the

third type of analysis compares and contrasts different cell populations in the same organ
from a particular samplg8]. The proposed research concerns the Human nervous system
cancer data, and so is a hybrid of the first and second types of research above. Though the
human nervous system consists of many organs, it is limited to a particular biologieal syst
which is believed to give each organ in the system some commonality.

Since the proposed research is focusing on the identification of patterns in cancer types it
requires a large sample for data mining. Narrowing down to one organ specifically viié not
sufficient for the analysis. In contrast, analyzing organs with broad biological diversity will
also make the research less meaningful as common patterns are unlikely to exist. Due to the
above reasons, the proposed research focused on the human msgsteas in which the
different organs share similar types of tissue.

In analyzing human cancer data, some 25000 protmling genes[15] need to be
considered. Sincethese large numbers of features adéficult to handle without
computational algorithms, the proposed research considered popular algorithms and strategies
in bioinformatics. The following subsections exipl the main concepts of cancer genomics.

The proposed research used methods relating to these concepts in carrying out data analysis

and validation.
2.2.The Human Nervous system

The human nervous systesnordinates person's voluntary and involuntgfyysicalactions
and transmits signals between different parts of the l{pdyure 1) Thecentral nervous
system(CNS) and theeripheral nervous systefRNS)are the two main parts of the human
nervous systemrhe CNSconssts ofthebrainandthespinal cord The PNS consists mainly

of nerves which are long fibes that connect the CNS to every other part of the
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body.Prognosis of cancers occurred in Human Nervous system is less and recursive.

understand the similarities and differences of HNS cancer pattevesyivital to treatment
procedures.

nervous

Brain Central
system

Spinal cord

Blue = peripheral
nervous system

Figure 1 Human Nervous $sten16]
HNS consist with two sub system (central nervous systeand peripheral nervous system

2.3.The biological aspect of cancer data

2.3.1.Central Dogma

All functions of living cells areperformedby proteins. Proteins are coded from DNA
sequences. DNA translates to RNA and RNA will translate poi@mino Acid sequence)
This process is known ake central dogmgFigure 2) Therefore, gors or mutatiors in the
DNA level will have an impact on protein structure and functidmere are several disease
known to because due to genetic (DNA level) changes. Cancersaanell-known genetic
disease.

Inside Cell

Figure 2 Central Dogma|[15] : I nformation flows from DNA to protein to do cellular tasks

7
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2.3.2.Gene
The gene can be defined agiece of DNA that functiomasaf unct i onal gnito
transcribed exons6é or, along similar | ines,

units that can be transl|l ated to gelfkrate on
2.3.3.Gene expression

Gene expression is the process by which information from a gene is used in the synthesis of a
functional gene mduct. These products are often proteins, except inpnatein coding

genes such as transfer RNA (tRNA) or small nuclear RNA (snRNA) geviese ther

product is a functional RNAIn genetics, gene expression is the most fundamental level at
which the @notype gives rise to the phenotype, aa.observable trait. The genetic code
stored in DNA is "interpreted" by gene expression, and the properties of the expression give
rise to the organism's phenotype.

2.3.4.Protein

Proteins are large biomolecules, or nmaolecules, consisting of one or more long chains of
amino acid residues. Proteins perform a vast array of functions within organisms, including
catalyzing metabolic reactions, DNA replication, responding to stimuli, and transporting
molecules from one l@tion to another. Proteins differ from one another primarily in their
sequence of amino acids, which is dictated by the nucleotide sequence of theilTgenes
sequence determines the folding of phetein into a specific threéimensional structure that

in turndetermines itunctionality.
2.3.5.Biological pathways

A biological pathway is a series of actions among molecules in a cell that leads to a certain
product or a change in the cell. Such a pathway can trigger the assembly of new molecules,

such as adt or protein. Pathways can also turn genes on and off or spur a cell t¢18pve
2.3.6. Tumour

A tumour is a reprodution of cellsin defiance of normal restrasin cell growth and
division. When such growthstartsto invade and colonize territories normally reserved for
other cells it becomes cance™ TumourCancer is a group of diseases characterized by
uncontrolled growth and spread of abnormal cells. If the spread is nobli=yh it can result

in death. Cancer is caused by both external factors (tobacco, chemicals, radiation, and
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infectious a@ganisms) and internal factors (inherited mutations, hormones, immune
conditions, and mutations that occur from metaboligr).

Tumour Heterogeneity is a major challenge in cancer biology. Genetic and phenotypic
variations are observed betwaemouss of different tissue and cell types, as well as between
individuals with the sam&amourtype (intertumourheterogeney). Within atumour, a sub
colonel diversity may be observed (inrttanour heterogeneity)[19]. According to the
ACol orect al Cancer Classification amndhoCel |
there are three sukopics in tumour heterogeneity namely, cell-to-cell heterogeneity,
immunological heterogeneity and heterogeneity in disseminated and metastatic [@8pase

However, our research is focused on the patient's cell to cell heterogeneity.
2.4 Cancer/Tumour data analysisapproaches

Tumour clustering is one of the significant areas in cancer genomics. Researchers try to
understand signifant genes and gene combinations in cancers using biol¢gidahnd
computational method®2]. Biological experiments are significant as they provide primary
level key information about gene structure and function. However, biological experiments are
not capable of analyzing large amounts of data. Meta level analysis across multiple studies is
necessary for cancer genomics to identify hidden patterns in genomic profiles. Computational
methods are important to analyze these collections of data generated by different biological
labs. In Sri Lanka, cancer genomic studies are limited due to theflgeketic studies. As a
developing country, Sri Lanka is unable to perform large scale cancer studies for specific
cancers such as human nervous cancers. In our research, we overcome this data limitation by

using global human nervous system cancer data.
2.4.1. Tumour subtyping

There are large numbers of computational strategies in cancer genomic studies related to gene
combination identification. Clustering, Network analysis and association rules are major areas
in gene grouping based on cancer types and subypg23][24]. These methods have issues
such as how to validate their outcome and whether their computationally generated results
have any biological significance. éarding to a review performed bingxuan Song
research group, there are five main questions in tumour subf@shdghese are:

1 How many cancer fitypes are there?

1 How can we evaluate the robustness néw classification system?

1 How are classification systems affected by mtmmour heterogneity and tumour

evolution?
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1 How should wenterpret cancer subtypes?

1 Can multiple tassification systesicoexist?
These questions remain in cancer gene clustering even though many techniques have been
introduced to the domain over the years. The proposed study develops a comprehensive map
of the Human Nervous system cancer while answering the above qaestie performed
inductive research on human nervous system cancers and extracted biologically important
information using computational techniques.
It is known that proteins work together with other proteins to perform various cellular tasks
[26]. Their interactions can be categorized into different types. They interact with other
proteins and molecules in a living cell. These interactions change in disease nerslith
as cancers. Therefore, it is important to study the impact of gene combinations rather than
individual genes. The proposed study was based on analyzing the gene combination involved
in cancers.
Furthermore, the research is focused on finding gemebinations asignaturesto detect
human nervous system cancers. Therefore the results of this research can be used for defining
a gene panel for HNS cancer detection. Gene panels are used globally to screen cancers and
predict drugs. There already arein cancer panels in u$27]i[29]. However, they have
some limitations such as only considering mutations (and not gene expression) and being
based on a limited set of genes. There currently are no gene panels defined for peripheral
cancers.
There ao are no gene panels based on gene expression data. If there are methods to extract
genes for HNS gene expression data analysis, it will be helpful for Sri Lankan HNS gene
expression screening. It is casftective to screen a limited set of genes.
The poposed study aims to fill the above gaps in HNS cancer research. This study considers

individual genes and combines their impact to form a comprehensive gene interaction map.
2.4.2.Human interactome

The humaninteractome is a proteiprotein interaction (PPI) m&ork which explains living

cell architectureThe physiology of a cell can be viewed as the product of thousands of
proteins acting in concert to shape the cellular response. Coordination is achieved in part
through networks of proteiprotein interactios that assemble functionally related proteins

into complexes, organelles, and signal transduction pathways. Understanding the architecture
of this human proteome has the potential to infahm nature and form afellular, structural,

and evolutionary meamisms and is critical to elucidating how genome variation contributes

10
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to the causality ofdisease[30]. Analyzing the disaserelated PPl network enhances the

knowledge of the effects of genetic and epigenetic variation in causing the {&Hase

2.4.3.Cancer Signature

In previous, individual gene alterations were considered for cancer therapies. This approach
has a pitfall since cancer is occurred due to the gene combination effect. So it is important to
identify gene combinations in cansawhen predicting treatment. A canceggnature can be
defined from different perspectives-undamentally, asignature is an identifier of cancer
genetic and epigenetic alterations. It can be a combination of several genes and epigenetic
changes. In the pposed researclasignature islefinedas a combination of gene alterason

which predominantly appear in cangaofiles and is highly correlated with each other in
performing particular cell functiongdentification of these signatures will help resbars to

detect HNS cancer pathways and drug targetable gene combinations, and lead to the design of
HNS gene panels.

Furthermore, in the proposed reseattle genetic alteratiorwill be considered to identify

gene combinations of HNS cancers. A signatuitebe several genes combination. Signature
genes have two major characteristics. Firstly, they are highly altered in HNS cancers and
secondly genes will interact with each other to perform cellular tasks. These signatures will
give an insight into cancebiological pathways which can be unigue to HNS cancers or
common with other cancers. Therefore, information capture from this research will guide

future HNS cancer therapies.
2.5.The computational aspecs of caner datamining

Algorithms are satof clear insructions anccomputationsvhich explain processesheystart
with an initial input anch startstate.Theythentraverse througlseveral successive states to
produce output ima terminating stateThe poposed research wsseveral algorithms to

performdifferent tasks inheanalysis of thedNS cancerataset.
2.5.1.Clustering

Clustering is the process of grouping observations based on the similarity of their
feature/attribute values. It groups objects which have similar features into one group while
dividing dissimilar features into different groups. It is a machine learning technique heavily

used in bioinformatics data analysis.

11
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Clustering

Hard Cldstering Hierarchical Clustering Soft CIuStering

01

Y @@

Figure 3 Clustering types
Main three approaches to group observations d#sed on their expression values

02

03

Above figure(Figure 3)explains the main three types of clustering used in bioinformatics
data analysis. Hard clustering is heavily used in gene expression data analysis and hierarchical
clustering is used in phylogenetics. Soft clustering approackassad to create gene clusters

which may have common biological functions.
251.1. Hard clustering

Hard clustering igroupingthe observations such that one observation is assigned only to one
cluster. kmeans and Affinity propagation are examples of this typethe research hard
clustering is used for vector quantization. Each cancer sample is clustered based on nearest
mean via using Euclidean distandeis a supervised method since the number of groups
should be providedo the algorithm prior tahe analys. In biology, it is very critical to

identify the exact number of groups in a data matrix. However, researchers have used hard

clustering to validate the experiments which have strong signals.
2.5.1.2. Hierarchical clustering

Hierarchical clusterings a technige in whichg r o ungrsa8inglysimilar observationsnto
smaller groups. This clustering algorithm results in a dendrogram and is used heavily in
phylogenetic analysis in bioinformatics. It lends itself to be interpreted at different levels of
granularityto different numbers of clusterBhe steps of hierarchical clustering as follows,

1 Each observation allocate into a separate cluster

1 Calculate distance matrix (Each observation pair)

i Based on the closeness observations are merged and recalculate distaincéor

new clustered observations

12



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches

1 3rd step is an iterative process until all observations comes to one cluster

1 Relatedness of observations can be visualized as a dendogram
2.5.1.3. Soft clustering

Soft clustering oFuzzy clustering is &lustering method invhich each observation could
potentially belong to more than one cluster in different proportions. In a biological context,
genes and proteins will perform more than one task in the cell. Soft clustering, therefore,
enables the identification of differeaspects and actions of genes and proteins. Furthermore,
cancers have different properties which may be better explained with soft clustering. Topic
modelling and @neans clustering are examples of soft clustering algoritihhes calculation
approach is siitar to hard clustering however the soft clustering algorithm with consider
observation not only to the nearest mean. It calculates each observation contribution to all

clusters.

2.5.2.Network analysis

25.2.1. Biological Networks

Biological networks are used in explaigi the genetic relationships ogrtain biological
features such as caxpression, gene localization and physical interac#onodein a gene
networkrepresents genewhile theweight of the interconnection of two gerrepresentshe
strength of the tationship.Some biological networks such as pathway networks explain how
each gene/ protein interacts to perform a cell task.

Following figure (Figure 4)is explaining theRNA functionsof a human cellMain function

has sub processes which require ddfearproteins and regulatory elements. To perform the
main function all suprocesses should work accurately within the time frame. If protein gets
mutated in the pathway all functions related to the protein will get affected. Therefore all
protein and redatory elements link to each other in different formats such a&xpoession,
co-localization and shared domains. Protein interactions can be represented as a network. In
cancer research these protein interaction networks are used to interpret theoinmpatstin
mutation$32]. The above correlatiowas used in the research to validate cancer signatures.

13
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2.5.2.2. Biological Network Analysis

When interprahg networks differentnetworkparameters should be taken into consideration.
These parameters explain the computational and statistical influence of analyzing biological
data via bioinformaticobls. A human proteirprotein network is useful for extracting protein
communities, in HNS cancers in this case. The human interactome is a -protein
interaction network which has more than 12000 proteins and around 75000 interactions based
on literdure evidence. In the proposed research, the human interactome is used for
community detection and also signature validati@ancer related network analysis is
performed for breast can¢84]. Moreover protein network were heavily used on other
species in order to undéasd the biological pathway regulatiof&5]. In the study we have

used network parameters and community detection algorithms w@arhinteractome to
identify HNS cancer related networks altered based on mutations and gene expression
variations.These parameters were used to extract the hub genes in the networks which can be

interpreted as significant genes/ proteins in gene sigsature

(1)Degree:

Thedegreeof a nodan anetwork orgraph can be defined as the number of edges incident to

the node, with loops counted twice.

(2)Betweenness:

Thecentralitymeasure of a vertex within a graph is knowitabetweenness. Furthermore, it

canbedefined as the number of shortest paths between pairs of nodes that run through it.
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(3)Clustering ceefficient:

This is the basic measure that accounts for the internal structure of a nefiwer&lustering

coefficient is the degree to which nodes in a gitapla to cluster together.

(4)Community detection algorithms

In biological network analysis, the algorithms are used to identify gene communities which

are involved in performing a cellular task. These algorithms are capable of extracting highly
correlated gees from a large gene interaction network. The following algorithms are popular

community detection algorithms, each focusing on a different aspect of gene communities.
These algorithms are used to identify hidden patterns in a sjj@6lesr disease condition

[37].

a) MCODE algorithm

TheMolécu | ar Compl ex Detectiono (MCODE) al go
regions of agene or protein interaction netwogkigure 5) These highly connected regions

may represent a molecular complex. The algorithm concerns adoolutiaritywhen detecting
molecular complexes. The MCODE algorithm is based on vertex weighting by local
neighbarrhood density. It has the advantage over other community detection algorithms of

allowing the tuning of a protein group of interest without considering the rest of the

interactomd38].
Post-processin
Input network Assign node weights Grow complex Trim ‘i,n Gai eg
by local edge density from highest weighted m Sing ge:
y v node according to Optimize modularity
weight and modularity Merge overlapping
complexes

E ‘ ': H Repeat for next
: most highly weighted
. noce until all visted
Figure 5 MCODE algorithm main stepsand weighting node§6]
b) ClusterOne algorithm
OverlappingNeighborhoodExpansion  (ClusterONE), identifies overlapping protein
complexes by using a greedy growth process to find groups in a ppoté&in interaction

network. It depends on overlapping neighbourhood expansion. The ClusterONE algorithm

detects thecohesivenes®f a molecular network and has lagh extent of functional
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homogeneity [39]. This algorithm is mostly used in species functional pathways
identification. This algorithm will set seeds for random genes/proteins as Yhetep.
Neighborhood expansion is the second step of the algorithm. It ierativie proces until all
proteins are concerned. Final step would be cluster the proteins which are highly connected
based on degree and betweenness. Following figrigeire 6)shows the highly connected
protein networks extracted from a large interactome. In thewolly research these network

analysis algorithms will be used to identify cancer related highly connected proteins.
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Figure 6 ClusterOne algorithm which consider overlapping regions
c) M-clique algorithm

The M-clique algorithm attenp to identifycomplete graphs a proteinprotein network. A
complete graph is a graph in which every node is connected with every other node via a
unique edge in the network. Clique algorithms aidepthfirst search strategy since complete
graphs arehighly interconnected. The proteins identified by this algorithm are biologically
significant as they are more prone to be protein complexes which are physically
interconnected in a living cell. If these are altered, cell function will be interruptedllyaoti

fully.
2.5.3.Association rulesin data mining

Data mining is the process of analyzing data from different perspectives and summarizing it
into useful information. It can be used to identify trends and patterns which are hidaen in
large data set. Thenkwledge or patternsf minedshould be meaningful and interesting from

a particular point of viejd7].

Association rules are if/fthen statements that help identify relationships between unclear
unrelated data in a dataset. An association rule has two parts, an antecedent (if) and a
consequent (then). An antecedent is an item found in the data. A censegan item that is
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found in combination with the antecedent. Association rules are created by analyzing data for
frequent if/then patterns and using the criteria support and confidence to identify the most
important relationships. Support is an indicatof how frequently the items appear in the
datasef{40]. Confidence indicates the number of times the if/therestantsare true.If a

gene set is highly mutated, as a rule, it signifies that the gene set is common to that particular

disease state and to identify the disease, this gene set can be used as a marker.
2.5.3.1. APRIORI Algorithm

Apriori is the most commonly useadgorithm forthe identification of associate rules in the
datasets. In Aprioyionce frequent itemsets are obtained, it is straight forward to generate
association rules with confidence larger than or equak&sspecified minimum confidence
[41]. Furthermore, this algorithm ief interest heresinceit is quite simple and easy to
implement. Experimenting witan Apriori-like algorithm is the first thing that data miners try

to do[41].

2.5.3.2. EM Algorithm

This is a basic algorithm for finding maximum likelihood in a statistical hadd it is
widely used in data clustering. Accordingttee explanation ina comparison of algorithms,

the EM algorithm is a model which can be used to cluster contindatzssand to estimate the
underlying density function. These mixture models can be fitted by maximum likelihood via
the EM (ExpectatiotMa x i mi zat i o[dl]. al gor i t hmo

2.5.4.Non negative matrix factorization

Non negative matrix factzation (NMF) algorithm(Figure 7)is used for high dimensional

data matrix to extract spares and meaningful featurgl2gtin biology gene expression data

has high dimensional data matrix to capture the up regulation and down regulation of genes
[43]. For cancer data analysis NMF method is being used to find feature sets which regulate

the cancers and sub types of canddls
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Figure 7 NMF algorithm in gene expression data class discovefgr biological clusters

From the nomegative matrix (genes and samples) algorithm will exiraetiagenes which
can be used to classify the initial samples in to groups. -hktas are features after the
dimension reduction in gene expression data. According to the variability ofgerea

expression it is possible to cluster/ classify groups.
2.6.Summary

The exponential growth of data sets of somatic mutatmlsgene expressiofrtom tumour

samples demands analysis methods for a comprehensive understanding of cancer mutations,
genes and pathways acrogsmour types [45]. The poposed research is designed to
understand the behauioof the genes with the different cancer typeshe human nervous
system The poposed research eers three areas of cancer genetic analysidetsiledbelow.

For the study we have usédnerican College of Medical Genetics and GenonffgdSMG)
guidelines[46] for validate mutation impact and gene expression data analysis approach was
developed bsed on the cancer genome projects such as multi cancer molecular sigaradures
their relationshipt7] andMutation analysis of 24 known cancer genes in the-8ltell line

sef43].

2.6.1.Generation of cancer gene signatures

Gene maps would provide knowledge about genetic influence in cancers. Signatures are
developed according to biological networks and validated with several statistical and
computational tools. These signatures will edeacancer researgurospectsas expected in
AEmerging | andscape of oncog[d9researchAcapndiagt ur e s
to cancer reearchersan understanding dtimourbiology in terms of systematically derived
signatures of functional alterations will provide an informative resoiarcdeciding what to

explore in the laboratory and the clinwhile also aidingn the developmentfgersonalized

cancer therapig49].
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2.6.2.ldentification of new drug targets

According to the explanation in AEmerging
cancld9 egearchi The <c¢clinical i mpact of t hese si
selectively block the oncoge n49]cNew driigitangets o f 1
can be identified by analyzing cancer signatures with drug targetable networks and cancer
triggering pathwaysTo achievehis objective differert statistical network analysis haseloe

carried outresulting inimproving the effectiveness of the cancer signatures. It is widely
appreciated that cancer is a disease not of individual mutations, nor genes, but combinations
of genes acting in molecularetworks corresponding to hallmark processes such as cell
proliferation and apoptosi®0]. According tothe previous statementhe proposed research

has ben carried out in different aspects of cancer biology without holding only to known

cancer pathways.

2.6.3.Ability to capture new oncogenes andumour suppressor genes

The poposed researds carried out to identify new probable genetic influences for cancer
incidence and spread According to AComprehensive id
driver genes aoss 12tumourt y p bk © e s e aspexiblly the diversity of molecular
alterations underlying diseases that are very similar in histology and phenotype is still

i n c o mpsD]eMoraver, therera many probable genes whibavean impacton cancer
biologythatcould stillbehidden due to less analysis capability.

The following chapteswill explain the methodology used and the results of the study.
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3. Materials and Methods

3.1 Philosophy and Theoretical Foundation

Theproposed research was conducted based inductive research approach. We hdSused
genetic secondary data for empirical analylsiscancers, altered genes and proteins work as
groups to onverta normal cellinto a cancer cell. To identify these altered proteins and
processes in HNS cancers, we have used protein interaction eviderselohy, proteins

will interact with each other to perform cellular functions. These interactions were
investigated and published on PPI interaction databases. Therefore, the proposed study is

based on existing biological evidence published related teipitotein interactions.

3.2 Conceptual Design

3.2.1.Materials

Data for the proposed research was downloaded @BioPorta2018updaté mutation data
files and gene expression data fil¥8e have downloaded secondary data from 15 different
HNS projectsThe following tablgTable 1)shows the data availability in each project.

Table 1 Proposed research data

Type Project name Mutation Gene expression

Peripheral nervous system Mpnst_mskcc Yes No
Nbl_amc_2012 Yes No
Nbl_ucologne_ 2015 Yes No
Nbl_target_2018_pub Yes Yes

Central Nervous system Pcpg_tcga Yes Yes
Past_dkfz_heielberg 2013 Yes No
Lgg_tcga pan_can_atlas 2018 Yes No
Mbl_sickkids 2016 Yes No
Mbl_icgc Yes No
mbl_pcgp Yes No
Mbl_broad_2012 Yes No
Odg_msk 2017 Yes No
Gbm_tcga Yes Yes
Lgg_tcga Yes Yes
Lgg_ucsf 2014 Yes No

All data is genergd from nextgeneration sequencing platforms. They have used whole
genome sequencing for mutation identification. We have four peripheral nervous system

projects and eleven central nervous system projects. Some cancer types sequenced from
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multiple projecs. (eg:Neuroblastomand Medulloblastom@ Since the patient cohorts are
mutually exclusive we have considered them as individual projects. We have only considered

the mutation data and gene expression data for the proposed research.
3.2.2.0verview of the Methodology

Data for the proposed analysis have two dimensions (Patients and @&ges} 8) Gene
dimension can beeferringin many ways such asgomic position, gene, protein or protein
position. The Pllowing diagram explaithe analyzing hierarchy ohé research. According
to the diagramgenesvere analyzed based on mutation and gene expressioriPdtémntdata
were used to validate and visualize the results ouffuthe analysispurdy computational

methods and computational methods with biatareasoning were used.

Data analysisl

Research Interest

Data
validation

Gene

expression

B

Network Network

Association .
= Clustering 5
Analysis analysis

rules

Clustering ]

Figure 8 Data analysisaspects Gene data analysis is the focus on the research

The workflow of the researchas consistedf four main stagefor mutation data analysis and
gene expression data analyfdata preprocessind)ata analysisPata validation andata
visualizatior). Each stage will be discussed in detail in future topiigure 9 showsan

overview of the workflow.

= Data download
Data Preprocessing

Data purification
|

Gene expression Analysis

Mutation annotation Gene expression normalization
Mutation filtering Gene filtering
Signature identification Signature identification
Data Validation Validation signatures Validation signatures
_________________ | - PR
Data Visualization Develop visualization panel

Drug detail integration

Comprehensive map of Human Nervous System cancers

Figure 9 Workflow of the resear ch (Main four stages and two branches of data analysis)

21



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches

A) Mutation data analysis process |

1) Mutation preprocessing

1.1) Mutation genome build conversion  1.2) Mutation protein information annotation

2) Mutation analysis
2.1 Mutation basic statistics  2.2) Mutation clustering  2.3) Mutation association rules identification

2.4) Mutation network analysis  2.5) Hub genes identification  2.6) Mutation gene signature creation

3) Mutation results validation

3.1) Mutation clustering results validation  3.2) Mutation association rules results validation

3.3) Mutation network analysis results validation

4) Mutation results visualization

4.1) Mutation information dataframe creation  4.2) Mutation and protein structure visualization

B) Gene expression (GE) data analysis process |

1) GE data preprocessing

1.1) Gene expression normalization ~ 1.2) Gene filtration

2) GE data analysis

2.1Pilotexperiment  2.2) GE dataclustering  2.3)GE data association rules identification

2.4) GE network analysis  2.5) Critical genes identification  2.6) GE signature creation

3) GE data results validation
3.1) GE clusteringresults validation ~ 3.2) GE association rules results validation

3.3) GE network analysis results validation

4) GE data results visualization

4.1) Network visualization  4.2) Heatmap visualization

C) Results integration

1) HNS cancer comprehensive map
1.1) HNS cancer signatures  1.2) Drug detail annotation  1.3) HNS cancer interactome

1.4) Result visualization panel

2) Gene panels

3) Re-usable workflow

Figure 10 Detail level workflow
Mutation and gene expression data results are merged in results integration
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Figure 10shows the detail level workflow of the proposed research. Researclvidasl ahto
main three stageBased on thtdivision we have demonstrated the analysis of the research.
1 Mutationdata analysis process (A)
1 Gene expression analygisocess (B)

1 Resultsntegration(C)
The detakd methodology of each division and its réswill be discussed in separate three

chapters as follows;
1 Mutation analysis (A) Chapter 4
1 Gene expression analysis (Byhapter 5

1 Results integratiofC ): Chapter 6
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4. Mutation data analysis

The chapter explains the methodology and results of thatio analysis (A) (Chapter 3:
Figurel0).

4.1 Methodology in Mutation analysis

The nutation data analysprocesias main four stages.
1 Mutation datgpreprocessing
1 Mutation chta analysis
1 Mutation analysisesults validation
)

Mutation results visualization
4.1.1.Mutation data preprocessing

All datasets were downloaded from freely available cBioPortal (July 2018 version v1.13.2
[52]i[55]). Table 1 shows the dataset details used for the analysis. These datasets annotated
with the old genomic version (GRCh37) in genomic level and pro&iell We have used 15
cancer projects (11 from the central nervous system (CNS) and 4 from the peripheral nervous
system (PNS)). Each donor/patient is different however there are similar mutations in

different projects.
4.1.1.1. Mutation genome build conversion

Theinitial step of the analysis is data purification. Data were generated in Genome Reference
Consortium Human Build 37 (GRCh37). We attempted to predict variant effect prediction
with the old version. However, we found several errors while predicting tibet.€Therefore,
thefirst step of the analysis begins with data conversion to the latest version. There were two
methods for data conversion.

The frst method was to convettie old genome position to new protein positiohke £cond
method was convertg the old protein position taa new protein position. We have used
VEP[56] genomic reference conversion tool for genomic position conv¢s&ipBISQUE

[56] andthe UNIPROT tool[57] for protein position conversion.BST API inthe Ensemble
database was used for the Ensemble ID conver¥im.have compared the efficiency of
Ensemble ID (VEP) and UNIPROT ID (UNIPROT) in protein data identificative. have
considered the Ensemble IDs and UNIPROT Ids as protein identii®@wever, many tools
prefer UNIPROT IDs for data annotation. We considered both methods and selected the most

effective methods whichive minimum errors in data conversion.
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4.1.1.2. Protein level annotation

There are two levels of protein level data annotatfidre frst level is sequenelevel data
annotation. For the sequence levek wdesigned the research methodology to cover two
perspectives in bioinformatics data analy@$tgure 11) This work will be contributed toa
computational and biological domaas shown inthe methodology graph

Method 1 Method 2

Protein Positions (Old Version) Genomic Positions (Old Version)

VEP genome
conversion tool

UNIPROT tools S :
Genomic Positions (New Version)

VEP tool

L4

Mutated protein positions

Impact predicted mutated protein positions

Figure 11 Data conversion methodsised for protein mutation position identification

In the computational perspectiveve analyzed7 protein level data annotation techniques.
From the biological perspectivewe haveanalyzedl5 cancer projects which have 1106362
genomic entries and annotated protein sequence level and structural levéirdatdhe
biology perspective, we have studied the datasets and mutation distribution in HNS cancers.
We havecreated a informationrich dataset of mutations for HNS cancéfsrthermore, we
have analyzedthe amino acid level changes tine full dataset. We havanalyzedprotein
chemical property changes in the mutated proteins.

A second data layer wasequencdevel to protein structure level data annotation. For the
above mention stepve compared BISQUHES8], PDB genomic mappgb9] and Joseph
Marsh Group PDBmnapper toolnot available online)Since we had list of mutatiors, we
consideed the batch processing option in each tool. Wée codedan R script for extract
protein level data into each mutation as batches. We have used httr, jsonlite anDatml2,

table libraries for batch processing and data cleaning in R.
4.1.2.Mutation al data analysis

4.1.2.1. Mutation basic statistics

We filtered single nucleotide polymorphisms for further analyBisget the mutation impact
Ensemble Variant Effect Prediction Td&l6] was used. Datenatrixes weregenerated with

the R package. Furdgrmore, we usedhe Reactomepathway tool[60] to map biological
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functions for each mutated proteififiese ente methods required batch processing hence all
datasets havalarge mutation list to annotate.

All mutation files merged for further analysis and protein mutated variant were filtered for the
analysis.Basic statistics were calculated for mutations, gepesteins, Amino acid changes

and Reactome pathways.

We have considered different strategies to identify significant gene combinations in Human
nervous System cancers. Clustering, Association rule and Network Analydisear&in

three areas we used titmact signaturesa(combination of significant genes).
4.1.2.2. Mutation clustering

For mutation clusteringve have considered the mutation position clustering, gene clustering
and protein clustering. We have considered the hard clustering approanbkafi§) and
hierarchical clustering approacfihe eiclidian distance was considered in the distance
calculation.K-means clustering requires K value (Number of clusters) prior to the analysis.
We have used several K prediction methods suchAkeske information critéon and
Silhouette methodo predict the number of clustelSomplete linkage clustering used as the
linkage criteria. Heatmaps were created to visualize the clugténswutations treated with

equal weight irrespective of their seriousness.
4.1.2.3. Mutation association rules

In the association rule identificatiowe considered mutational level association rules, gene
level association rules and protein level association rules by theragules algorithni61].
The confidence, lift and support were considered to filter association kibes.than 50%

confidence level rules were extracted for the validation.
4.1.2.4. Mutation network analysis

Networks analysis was performed usingrtan interactome (taxonomy id 9606) downloaded
from the Mentha database€(1806-25) [62]. For the network buildingve have considered
mutated proteins and their Ineighbairr interactions.These networks are from major
segments(Central Nervous System (CNS) cancers and Peripheral nervous system (PNS)
cancers). Wéave extracted six main networks.

1 Network from CNS mutated genes

1 Network from PNS mutated genes

1 Network from all mutated genes in HNS cancers

1

Network from mutated genes intersection of CNS and PNS cancers
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1 Network from unique genes from CNS cancers

1 Networkfrom unique genes from PNS cancers
We have studied the number of nodes and edges, clusteraffatent and isolated nodes in
each networkWe have used several community detection algorithms to identify highly
connected gene clusters in these netwoe. have not considered the CNS and PNS

networks and reasons will be discussed in the results and discsssiimm

(1))MCODE algorithm networks

We have usethe MCODE [26] algorithm to search protein clusters (molecular complexes) in
the PPI networkWe have extracted highly connected gene clusters from four networks
created inthe previous sectionThe parameter setting for the analysis was Degree cutoff: 2,
Loops ircluded, Haircut, no Fluffand K-core 2, Max depth: 100 and Node Score cutoff: 0.2.
We have filtered out proteimetworks which havanMCODE scoreof less than 10MCODE

clusters were further investigated based on biological publications.

(2)ClusterOne algathm networks

ClusterOne algorithm is used to detect overlapping regions:vAlue of less than 0.08
considered high confident networks ane/dtue between 0.1 and 0.05 are considered as
moderate confident networks. We have omitted networks which madesthat count less
than five.We have extracted overlapping regions in the four networks creatieeprevious

section.ClusterOne results were further investigated based on biological publications.

(3)M-cligues algorithm networks

To detect cliques (coptete graphs)we have usethe M-clique algorithm.Networks which
have more than five nodes are taken into consideratdm.have studied the biological

background of completed graphs extracted from four main networks.

(4)Other algorithms

Markov cluster algrithm (MCL)[63] and Page Ranking algoritié#] also considered for
network analysis.We have usd tested several other algorithms for gene network
identification.

1 Markov Cluster Algorithm(MCL) is a scalable unsupervised clustering algorithm for
networks. 1 can be used for both weighted and unweighted networks. It uses network
topology and edgaweight for clustering.

1 PageRank (PR) is an algorithm used by Google Search to rank web pages in their

search engine results.
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1 Fast Agglomerate AlgorithifFAG-EC) algorithmsareidentifying functional modules
based on the edge clustering coefficients

4.1.2.5. Hub geres and critical genes identification in mutation

networks

After network analysiswe have merged MCODE and ClusterOne networks generated from
the main four networks. We have eliminated thechMjue results (Discussed itne 4th
chapter) We have usethe number of mutations, degree and clusteringeftient to find

hub genes and critical genes in the four main netwiles have sorted the genes based on
above mentioned three parameters. We have filtered 1st 10% of genes from each network to

create the ginatures.

4.1.2.6. Mutation gene signature creation

The fllowing diagram(Figure 12)shows the signature extraction procedure for Human
Nervous system (HNS) cancers and its' subdivisions (Central Nervous System (CNS) cancers
and Peripheral Nervous System (PNSh€as).

* Association rules
* Clustering
* Network analysis

Mutation
level

/

Unique signatures for CNS —

¥,

Common signatures for

* Association rules
* Clustering
* Network analysis

HNS cancers

Gene

level

cancers
Unique signatures for PNS

cancers

* Association rules
* Clustering
+ Network analysis

Figure 12 Mutation data analysis structure
Association rules, clustering approaches and network analysis methods were usedjenomic level,
mutation level and protein level Common signatures and unique signatures werg&ated via using these
approaches

We have merged results from all three methtml create signatureShese signaturesa(
combination of genomic alterations) were further investigated with their mutation count and
betweennessn network analysis. Extractesignatures were validated with the biological

evidence and they will be discussed in the results and discussion chapter.
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4.1.3.Mutational results validation

4.1.3.1. Mutation clustering validation

The dustering validation processasperformed with literature evideaaderived for human

Reactome pathways.
4.1.3.2. Mutation association rules validation

Association rules validation was performed for gene levels. These rules were validated with
biological evidenceFor the above mention task, we have used REACTONH tool,
PSICQUIC [65] REST API Open targets tdé6b] and GENEMANIA tool [67]. This
biological evidence we considered based on physical interactioexpcession interactions,
co-localization interactions, biological pathways interactions, predicted interactions, genetic
interactiors and shared protein domain interactiolssociation of gnes were proved from

shorted pathsrtaximum2nd levelneighborhoodl
4.1.3.3. Mutation network analysis validation

The retwork analysisprocess s performed with literature evidence derived for human
Reacbme pathways, disease association information (OpenTarget database) and COSMIC
database informationFurthermore, network statistics were considered to identify the

connectivity of the networks.

4.1.4.Mutational results visualization

4.1.4.1. Mutation information dataframe creation

We have created a ddt@ame for all mutations we have analyzed. It is considered with
mutation details, protein sequence data and protein structures, biological pathways and HNS
cancer projects descriptionSach mutation or gene details che retrieved from the data

frame and visualize in a panel.
4.1.4.2. Mutations and protein structures visualization

We desigeda PHP based panel to visualize the PDB structures mapped from the Bigput.
visualized UNIPROT isoform levels and every predicted pmogtiucture for each mutated
protein. This will show whether the mutation is occurred in binding sites, motif or domain.
We presented the topological view of the protein sequences therefore it is easy to analyze the
impact of the mutations in protein domsiand motifs. We integrated the PDBe protein
residue interaction compon@s®] for our visualization panelWe investigated the protein

structural differences by using the RCSB PDB protein structure comparisfg8jool
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All mutation and their relevant protein details are represented as a report. The report contains
mutation impact, protein sequence, and topological view and drug details of the mutated

proteins.
4.2 Results and Discussion in Mutation analysis

Mutaton data analysis divided into subsections as data preprocessing, data analysis, data

validation and data visualization.
4.2.1.Data preprocessing outcome

The data we have used for the analysis have genomic alterations other than single nucleotide
polymorphisms $NP) such as insertion and deletions. However, the research focused on SNP
mutations since they are the prominent mutation type in cancer mutations. The following
Table2 shows the SNP mutation frequencies in each dataset we have used.

The Dataset consistl of 15 projects and 4 of the projects come under peripharadus and

11 are from central nervous system cancers. We merge all mutation projecassingie

project for themutationanalysis. There are 106900 variants and 2234 donors in the merge
prgect. Initial data file have old version genomic position and their respective protein
mutation positions. We performed a basic analysis to understand the version compatibility of
datasets. We have tested two methods to identify protein position ch@Nigésodology
chapter, Figurell) shows the process of analysis. In method 1, we have tried to convert
protein positions directly. In the analysis, we have faced three major issues. Some protein
positions do not provide genomic positions. Hence this walaetoor we informed the
developers. Due to the above reason, we could not find entries for protein such as Q9BX63
position 990.

Secondly, there was protein position mapped with different chromosomes genomic positions
(eg: P62804L,6,12 chromosomes and842431, 17 chromosomes). According to the
analysis, we have found out these proteins synthesized in different chromosome locations and
they are histone proteins. The third problem was filtering SNP mutations from protein
changes. Protein positions such@8HC77:1235 are occurred due to deletion of the intron.
Therefore, they are not SNP at the genomic level. To solve the above issues we used method 2
which had intermediate steps. Even though method 2 has more steps than method 1, it will

reduce data losduring data annotation.
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Table 2 Mutation (SNP) considered in the analysis

Type Dataset Mutation Patients | SNP SNP/Mutation %
Peripheral Mpnst_mskcc 4582 15 3767 82.21
nervous Nbl_amc_2012 568 73 506 89.08
system Nbl_ucologre_2015 920 56 818 88.91
Nbl_target_2018_pub 1035 372 1035 | 100
Central Pcpg_tcga 4662 184 3823 82
Nervous Past_dkfz_heidelberg_2013 236 78 217 91.95
system Lgg_tcga pan_can_atlas 2018 39299 510 37481 | 95.37
Mbl_sickkids_2016 4779 44 4581 | 95.86
Mbl_icgc 1059 114 1018 | 96.13
mbl_pcgp 558 37 536 96.06
Mbl_broad_2012 1808 92 1696 | 93.81
Odg_msk_2017 281 22 229 81.49
Gbm_tcga 22073 290 20949 [ 94.91
Lgg_tcga 9885 286 9228 | 93.35
Lgg_ucsf 2014 15155 61 14804 | 97.68

42.1.1. Genome build conversion resuslt

Initially, we filtered the SNP mutations for all datasets and converted them to the new genome
build. Some genome positions in 37 build are not available in the 38 genome build. This may
be due to the assembly errors between the versions. Data losontrersion is given below
(Table 3) However, it is concluded that from the abewentioned methods, Method 2 is

more effective. Therefore, we integrated method 2 for the workflow.

Table 3 Data loss in the genome build conversion

Project Input Output Data loss %
Mpnst_mskcc 3427 3301 3.680
Nbl_amc_2012 502 501 0.200
Nbl_ucologne_2015 816 812 0.490
Nbl_target_2018_pub 973 944 2.980
Pcpg_tcga 3371 3332 1.157
Past_dkfz_heidelberg_2013 211 211 0.000
Lgg_tcga_pan_can_atlas 2018 36710 36572 0.376
Mbl_sickkids_2016 4553 4542 0.242
Mbl_icgc 1001 998 0.300
Mbl_pcgp 532 530 0.376
Mbl_broad_2012 1687 1684 0.178
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Odg_msk_2017 173 173 0.000
Gbm_tcga 20407 20332 0.368
Lgg_tcga 8850 8818 0.362
Lgg_ucsf_2014 14003 13961 0.300

4.2.1.2. Mutation protein annotation results

After the data conversion stejppe genome mapped dataset was used for the mutation impact
annotation. We have uséide VEP annotation tool for this procefisigure 13) This process
acquired the longest time in the workflaw data purification We comparedhe web portal

and REST API for the analysi¥he web portal has taken more time compareth®REST

API given bythe VEP tool. However, web portal and REST API results are exactly similar.
The following shows the visual presentation of a project considered in the anabyisiseb

portal results Similar to this project, missense variants are the highest mutation type in all
projects. From the VEP tools, we can annotate the nomenclature, transcript, gene name,
protein id, ad protein change impact, literature regarding the mutation, COSMIC id and exon
number. One genomic mutation may alter different transcript and different isoforms. Due to
the above reason, each genomic position should be annotated with its' respecorgtran

and protein isoform ids.

Variant Effect Predictor results @

Job details

Summary statistics &

Category Count ( Consequences (all)

Variants processed 3759 missense_variant: 23%

Variants filtered out 0 downstretam gene .variant: 16%_
o i ® non_coding_transcript_exon_variant

Nowvel / existing variants 2898 (77.1) /861 (22.9) upstream_gene_variant: 11%

Overlapped genes 3965 synonymous_variant: 10%

Overlapped transcripts 19382 - 4" : intron_variant: 8%

NMD_transcript_variant: 6%
Overlapped regulatory features 400 ® non_coding_transcript_variant: 4%

3_prime_UTR_variant: 4%
@ Others

[ Coding consequences

missense_variant: 65%
SYNONYMOoUs_variant: 28%
® stop_gained: 3%
--..‘ @ stop_lost: 2%
\ stop_retained_variant: 2%
start_lost: 0%
@ coding_seguence_variant: 0%

Figure 13 VEP mutation prediction visualization set of mutationsfor GBM project
There are 3759 mutations were processes as a batch and 3965 genes were identified as mutated.genes
Coding consequaces were considered for the analysis. 65% missense mutations were detected.
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Initially, for protein annotationwe considered the VEP tool output generated in the previous
step. The following table(Table 4) shows the protein position mutated in the detfas
according to the VEP tool.

Table 4 VEP tool annotation results

Project VEP Input | VEP Output Filter proteinposition
Mpnst_mskcc 3634 20561 2977
Nbl_amc_2012 505 3501 1597
Nbl_ucologne_2015 814 5738 2328
Nbl_target 2018 pub 1002 5564 1024
Pcpg_tcga 3759 26318 14042
Past_dkfz_heidelberg_2013 217 1689 943
Lgg_tcga_pan_can_atlas_2018 37342 282060 697148
Mbl_sickkids_2016 4570 35289 15169
Mbl_icgc 1015 8731 5398
Mbl_pcgp 533 4027 1899
Mbl_broad_2012 1692 13601 5858
Odg_m&_2017 229 1827 1795
Gbm_tcga 20871 142187 71245
Lgg_tcga 9196 67436 213923
Lgg_ucsf 2014 14762 115528 71016
Total mutatiors 100141 1106362

Since, VEP tool annotate all transcripts affedbgdthe mutation, entries of each mutation
may be repetitivén the output. In the workfloywwe remove the abowmentioned redundancy

and considered the protein position mutations. We have identified VERaoaentify all

the protein mutationshowever; it annotated the protein via using ENSP IDs. Most of the
tools are compatibleith SWISSPROT IDs rather than ENSP Ids.

Due tothe above reasgnthe designed workflow used SWISSPROT IDs for the protein
mutation position identification. In order to perform the task, we considenadprotein
annotation toolgVEP SWISSPROT id identification topBISQUE tool[46] [43] [42] [41]

[40] [39] [38]. UNIPROT web portal andNIPROT API)

A UNIPROT web tool is unable to annotate the protein mutated positions. Furthermore,
UNIPROT API only providing the starting and end piesitof the protein, not the mutated
position. Due to the above reasons, we could not use UNIPROT tools for protein position
identification.

To validate the VEP and BISQUE, we considered the number of entries annotated by the
tools. The following graph{Figure 14)shows the results of protein position identification

from both tools. According to the results, we can conclude the BISQUE tool is more effective
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for protein position prediction. Hence it achieved a 99% success rate in protein position
identification. Less than 1% of data loss is due to a lack of information provided by
UNIPROT regarding a particular protein. On the other hand VEP tools, data loss is around
50% in every project. However, the BISQUE tool refers to the UNIPROT database for data
annotaion. Moreover, it could not facilitate a large mutation list for analysis. We generate an
R script for data retrieval from BISQUE to a data frame in R. These bridging techniques
enable large mutation lists annotation from the BISQUE tool. VEP tool powidee details
regarding the mutation. Therefore, we merged the VEP output and BISQUE output into one
data frame for the analysis. The final dataset consists of protein position details, genomic
position details, protein effect prediction scores and genmamil protein nomenclature of the
mutation.

In the designed workflow we integrated all relevant data for each mutation to predict the
impact. We generated basic statistics graphs from the annotated dataset. We generated a data
frame which has all isofornaffected by each genomic change as we consider isoform impact

for the analysis.

VEP vs UNIPROT API for protein postion identification

Igg_ucsf_2014 ! 99.75

= UNIPROT_mapped
lgg_tcga 99.77

w58 mapped

gbm_tcga

odg_msk_2017 100

mbl_broad_2012 99.73

mbl_pcgp 99.69

mbl_icgc 99.93

mbl_sickkids_2016 99.82

Project Name

Igg_tcga_pan_can_atlas_2018 88.77

past_dkfz_heidelberg_2013

pcpg_tega

nbl_target_2018_pub

nbl_ucologne_2015

nbl_amc_2012

mpnst_mskcc

Figure 14 VEP vs. UNIPROT data annotationtool comparison
UNIPROT API provides significant accurate results rather than Variant Effect predictor tool. Individual
datasets were annotated and erged all mutation results to create full mutation dataset.

4.2.2.Data analysis results

4.2.2.1. Basic statisticof Mutation analysis
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The fllowing figure (Figure 15)shows the highly altered genomic positions in 15 cancer
prgects.The mutationChr 2_208248388 C/T is the IDHI gene.
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Figure 15Mutation genomic position graph
Chromosome 2 is the highest mutated chromosom&he Chr 2_208248388 C/T position is belongs to IDH1
gene which is a druggable taget
According to the literaturethis mutation is clinically significant for central nervous system

cancers and it is considered as a drug targetable pofa®dn70]. This is a pathogenic
variant according to the ClinVar predictipriL]. The second highest mutated position is from
the TP53 gene. The TP53 gene is a very popular caeleeed gene which will be tested for
every cancer.

The following figure (Figure 163hows thehighly mutated first twentgenes altered in the
projects. IDH1 is the highest mutated gdi@@é1l mutationsand 4.26% from total mutated
genes) TP53 cancer gene is the sectnmghest(490 and2.96% from total mutated genes)
mutated gene. TTN like probable oncogenes also mutated in higher fred@@8and 1.6%

from total mutated genes) the datasefurthernore, all the genes in the graph are associated

with cancers.
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Figure 16 Highly mutated genedn the mutation dataset
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IDH1 (711) and TP53 (490) are highly mutated genes and 1st 20 mutated genes are oncogené3
mutations per gene

There arel6,698genes are altered in the dataset. There are 78941 mutations in the dataset.
Supposedly on average, there are only 4.73 mutations per gene. From the following graph and
mutated percentages, we can understand the mutation diversitySrchiiders.

Due to the above mentioned high diversity, it is complex to test genes for cancers for general
purpose. With the basic statistics at the genome level, we have understood the complexity of
the problem. We have further investigated the isoformgdaict, protein level changes and
Reactome level impact.

Annotated protein position frequencig$ighest 10)are shown irthe following figure(Figure

17). IDH1 protein isoforms are highly mutateéthe mutationoccuss in the active site of the

IDH1 protein.lIt is a single amino acid alteration. However, it results in a loss of the protein
(enzyme) function datalyzethe conversion of isocitrate to alptkatoglutarate Though,

single copy alteration may not interrupt the function since othernmatated copywill

perform the required tagk2]. Furthermoreanother research result shows that patients who
have IDH1 mutations may have a better outcome than thetyp&]70].

TP53 is the seconrkighest altered gene (proteifihe graptshows the mutated proteins with

their isoformsand mutated position@igure 17) We have colour-coded them based on
different proteins. IDH1 protein and TP53 protein isoforms are the most frequently mutated
proteins.Based on the isoform length and starting position, different isoforms were altered for

the same genomic alteration.
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Figure 17 Protein isoforms of mutated gene# all merged dataset.
Isoforms are colour coded IDH1 (639) and TP53 (96) protein isoforms were identifiedTwo protein
positions from TP53were equally mutated.

We mapped the mutated proteins with resped®eactomepathways(Figure 18) Proteins

which contributeto biological sequential processes are namedctomepathways. A signal
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transduction pathway is the highest mutated pathways in the study dataset. However, these
pathways areat a high level. Due to the above reasofiormation which can be gathering

from Reactomepathways is lessdowever, this data will provide an idea about each mutation
impact on biological processes in the cancer cells. According to the results, 10,112 mutations
are mutated the signal transduatisathway. Signal transduction is the higher level pathways

which have several sub pathways for the cell to cell communication.

Frequecy of mutated pathways

10112

10000 -
8000
4000 1
2000

7607 6902

6355
I l . . ! . .

-
B=]
v
2
o
=
="

Frequency
o
<]
2
3

Disease

System

Metabalism

Signal Transduction
Immune Sy
Metabolism of proteins
Gene expression
{Transcription)
RINA Polymerase 1T
Transcription
Signaling by GPCR
Generic Transcription
Pathway

]
-
0
="

Reactome Pathways

Figure 18 Reactome pathways associated with mutated genes
Signal transduction is highest mutated pdtway in the dataset Higher level pathways such as Immune
system and metabolism of Proteins pathway were identified as the main mutated pathways in the dataset

The proteins made up of amino acids. Thére are twenty amino acids in nature. If the protein
level mutation is changing the amino acid attributeviit alter the protein 3D structures and
functions of the protein. Protein change may lead to loss of function or gain a new function of
partially destroyed the functiohVe analyzed the amino acid clgas in the full datasetve

have considered all the missense mutations in the dataset which will alter the proteins.
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Frequencyin AA Change

R>H
G>E 3% 12% mR>H

Figure 19 Amino Acid mutation frequency in the protein position changes
Arginine R> Histidine H change (12%) isthe highest alteration possibilities and both residues are
electrically charged (positive and hydrophilic)

The above figurgFigure 19)shows the amino acid changes distributidocording to the
results, Arginine R> Histidine H change (12%) is the hegladteration possibility. This is a
cancer signature which is commonly identified in many cancer [F@e$Both residues are
electrically chargd (positive and hydrophilic). Howevethe seconéhighest alteration is
changing its attribute due to the mutation. Alanine (A) > Threonine (T) (8%) mutation will
change the protein positiofrom nonpolar (hydrophobic) to polar (hydrophilic). These
mutatons havea high chance to change the structure and features of the protein. Furthermore,
mutation Arginine (R) > Cysteine (C) (8%) alteration also changes its' attributes in positively
charged to no charge and polar to patar. However, Alanine (A) > Vale (V) (8%)
alteration changes do not change the residue attributes.

We drew the wild type residue percentadjstribution. The following figure (Figure 20)
shows the amino acid biases related to mutatidnsong the original residues, Arginine has
the hghest relative mutability (36%According to the literaturehere is a canceelated bias

in Arginine mutationg73][74]. Arginine is a positively charged residue wiianidinium
group and forms multiple hydrogen bonds to backbone carbonyl oxygens.to hydrogen
bonds, it helps to create the structure of the pr¢t&h
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Wild type residue percentage distribution
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Figure 20 Amino Acid biases in mutationin the protein position alterations
Arginine has the highest relative mutability (36%) and has a positively charged guanidino group

The dove informationis the information captured from the basic statistics of mutation
analysis. We performed the above analysis to understand the mutation datasets. However,
highly mutated genes were not extracted directly as gene combinations since they may not
represent biological relatednesseach other. Mutation frequencies were integrated into the
subsequent methodologies. The following sections in the mutational analysis will explain the

results of mutational signatures extraction from different methods.

4.2.2.2. Mutation clustering

Matrix for the mutationss 16,698 genes into 2234 patients. However, this matrix is highly
diverse. We have tried to generate heatmaps to visualize data as hierarchical clusters. The
following graph shows the patie(gamplesklusters and gene clusters as a Heatmap.

39



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches

Genes

Samples

Figure 21 Heatmap for mutational clustering:
Highly mutated genes top right which represergthe long tail effect on cancer mutationsMutation
position clusters are not clear.

Above figure(Figure 21)shows mutated genes iadr colour and wmutated genes in blue.

Top right has a highly mutated genes and patients group. Howleeer mutation correlation
could notbevalidated with association rules or biological evidendé®re were no clear and
biologically explainable clsters. Since the clustering approach is not appropriate for gene

combination extraction we have eliminated the method.
4.2.2.3. Mutation association rules analysis

We analyzed mutational level, gene level and protein level association rules from the dataset
we filtered.At the mutational levelthe diversity of genomic position is high. According to

the results, there is no significant similarity among patients bastttegenomic level. Thus,

there are no association rules in the genomic mutation level. Theatéfarent isoforms for a

single protein. Due to that reasamhere are redutanciesat the protein level. We have

considered the gerlevel association rules to generate gene combination as signatures.

Table 5 Associationrules results

No. | The lefthand side of the rule RHS | Support | Confidence | Lift Count
1 ATRX,TP53 IDH1 | 0.080 0.99 2.610 109

2 SMARCA4, TP53 IDH1 | 0.010 0.920 2.59 24

3 CIC IDH1 | 0.090 0.911 2.5 95

4 FUBP1 IDH1 | 0.010 0.911 2.5 21

5 APOB,TP53 IDH1 | 0.010 0.910 2.510 20

6 ATRX IDH1 | 0.0 0.880 2.4 128

7 ATRX,IDH1 TP53 | 0.080 0.890 3.410 109
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8 NOTCH1 IDH1 | 0.0 0.840 2.310 36
9 ATRX, TTN IDH1 | 0.010 0.8 2.300 20
10 | TP53 IDH1 | 0.200 0.800 2.200 390
11 | ATRX TP53 | 0.080 0.790 3.200 115
12 | ARID1A IDH1 | 0.010 0.770 2.190 24
13 | SMARCA4 IDH1 | 0.0 0.730 2.010 40
14 | MUC16, TPS53 IDH1 | 0.0 0.730 2.010 32
15 | APOB,IDH1 TP53 | 0.010 0.710 2.800 20
16 | TP53, TTN IDH1 | 0.0 0.660 1.810 46
17 | APOB IDH1 | 0.010 0.640 1.780 28
18 | IDH1, MUC16 TP53 | 0.020 0.630 2.510 32
19 | IDH1,TTN TP53 | 0.020 0.610 2.49 46
20 | IDH1, SMARCA4 TP53 | 0.010 0.600 2.400 24
21 | IDH1 TP53 | 0.200 0.5% 2.200 390
22 | LRP2 TP53 | 0.010 0.510 2.09 23
23 | APOB TP53 | 0.010 0.500 2.000 22

The above tabléTable 5)shows the results of association rules #mr confidence level.
According to the results, the highest confident rules is ATRX, TP53> IDH1. If there are
mutations in ATRX and TP53 genes in a patient's cancer there is a 94.78% confidence that
IDH1 also mutated in the patient cancer cells. Confides an indication of how often the

rule is true in the mutated gene set. However, Support for this is 5.56% which is low. Support
is an indication of how frequently the gene set appears in the dataset. According to the results,
even though confidence égh those rules are not frequently appeared in HNS cancers. Since
cancers are having diverse molecular profiles we considered the following rules (Confidence
>50%) as gene combinations for HNS cancers.

However, many gene combinations have the IDH1 gemzeSDH1 has altered in many
patients it may come as a rule. However, this bias needs to be further validated with-the web
lab procedure to prove the gene combinations will be altered as a pattern or it is a coincidence
in mutations.

In the above mentiowe23 rules, there are repetitive gene sets. We have eliminated the
redundancy. Furthermore, there is a gene combination which has only two genes. These gene
sets add less knowledge to HNS cancer types. Due to the above reason, we considered rules
which hae at least three genes. The following five rules were filtered out of 23 rules and
validated with biological evidence. These genes are related to each other in biological
interactions.

1 ATRX, TP53, IDH1
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1 SMARCAA4, TP53, IDH1
1 APOB, TP53, IDH1

1 ATRX, TTN, IDH1

1 MUC16, TP53, IDH1

4.2.2.4. Gene network analysis

Clustering and Association rules methods have not produced adequate results for gene
combination development. Thereforee have considered the Network analysis method for
gene combination identification. Thereeamuch research has performed with Network
analysis for biological problem$76][77]. In network analysis, it uses the statistical
parameters and biological evidence to extract groups.

Thus, to identify biologically related clusters, we have considered network analybisdsie

in our research. Before the analysis, we have removed thibepe#f and duplicate edges in

the human interactome to remove the redundancy of the network. The human interactome is a
proteins protein interaction network build for human. Each intenacsi proved by biological

or computational experiment. Mutation gene networks were generated from the mutated genes
and their 1st neighbours. Since mutation will impact on function and also for the nearest
neighbour, we consider both gene categprigds

We have extracted the abenentioned genes from the human interactome and generated six
networks mentioned beloTable 6) We tried to divide mutation data into two major
segmentss the Central Nervous System (CNS) cancers and Peripheral nervous system (PNS)
cancers. Since we are trying to generate signature HNS common genes we merged all
mutation and generated CNS_PNS_union network. To understand the intersection of gene
combinaion, we have created the CNS_PNS _Intersect network. Moreover, we have extracted
genes which are unigue to the CNS and unique to the PNS cancers. These networks will help
to understand gene distribution in the two major parts of the HNS cancers. Therfgllowi
table (Table 6)shows the network parameters of each network generated for mutation data
analysis.

CNS_PNS union network has three subnetworks with 9668 genes/ proteiriHtB
interactions. These individual interactions represent a literature atibfic There are 4139
proteins common to both cancer types. This explains that HNS main two types have high
similarity. When considering the unique proteins for CNS and PNS cancers the network
clustering ceefficient got reduced compared to the union efletworks. CNS and PNS have

400 and 477 isolated components respectively. Since they both have common proteins (4139)

the isolated components get higher in the unique CSN and PNS networks.
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Table 6 Mutation networks for a signature building

Network Components | Clustering coefficient No. nodes | No of Edges | Avg. no of| Isolated Network Network Network
neighbour nodes heterogeneity centrality density
nodes

IeNs full 3 0.122 8534 224519 52.618 1 1.397 0.153 0.006

°PNS full 1 0.143 5273 143069 54.265 0 1.331 0.202 0.010

3CNS_peri union 3 0.124 9668 241218 49.900 1 1.481 0.144 0.005

4CNS_PNSI_ntersect 1 0.1%0 4139 126370 61.063 0 1.196 0.224 0.015

°CNS unique 400 0.068 4395 18682 8.501 393 1.069 0.025 0.002

5pPNS unique 477 0.032 1134 874 1.541 446 1.322 0.014 0.001

! Central nervous system mutations and their 1st neighbors network.

2 Peripheral nervous system mutations and their 1st neighbors network.

% Union of central nervous systemdaperipheral nervous system mutations and their 1st neighbors networks.

* Intersection of central nervous system and peripheral nervous system mutations and their 1st neighbors networks.

® Unique proteins of central nervous system mutations and theieitgtbors network.
® Unique proteins of peripheral nervous system mutations and their 1st neighbors network.
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(1)Eiltered MCODE gene clusters

From the above networks, we have generated the MCODE clust@SDE (Molecular
Complex Detectionclustering isdensitybased clustering algorithnvghich discoverprotein
networksby mining dese subgraphsin an interactomerl he algorithm has improvement over
other graph clustering method# can be finguned for clusters of interest without
considering the rest of the interactome. This feature is critical in protein network analysis.
MCODE initially weighted the nodes of the interactome based on local deBsitgpndly, it
identifies gene networks which are highly connected based on the density threshold level.
Finally, port processing is performed to identify overlapping networks. There b#re
MOCDE clusters for the CNS_peri_union network. CNS_PNS_ Intersection had 32 networks.
CNS unique and PNS_unique had 64 and 16 networks respectively. We have eliminated the
full CNS and PNS networks since they represented the other four networks. However
have eliminated small PPIs (nodes less than 4) and score (Density*Néfp#&ss than

10.00 clusters. Since four gene combinations are prayitiss information related to the
whole network we have ignored them for signature generation. Since we were considering the
complete graphs separately in the later section, we eliminate the less scored and fewer node
networks. Furthermore, according teetliterature based on the biological objective score

threshold can be adjusted and the higher the score the network will be sigi@fiLant
Table 7 Mutation MCODE clusters

Network Genes Edges Score
CNS_PNS_union_MCODE1 102 2361 46.79
CNS_PNS_union_MCODE2 32 275 17.70
CNS_PNS_union_MCODES3 36 280 16.000
CNS_PNS_union_MCODE4 114 815 14.43
CNS_PNS_union_MCODE5 68 440 13.13
CNS_PNS_Intersect. MCODE1 54 1281 48.340
CNS_PNS_Intersect MCODE2 49 468 19.500
CNS_PNS_Intersect MCODE3 35 278 16.3@
CNS_PNS_Intersect MCODE4 113 715 12.70
CNS_PNS_Intersect MCODES5 213 1271 11.99
CNS_PNS_Intersect MCODEG6 62 361 11.840
CNS_Unique_MCOE1 30 411 28.39
CNS_Unigue_MCODE2 29 168 12.000

Based on the abowmentioned benchmarks above networks were extracted. There are no
overlapping proteins between clusters. Hivetable (Table 7)shows the filtered clusters
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which used for further angdis. Edges in the table represent the biological evidence published
related to PPI interactions.

There are five gene networks/clusters for@¢S_PNSunion network. The highest score of

the MCODECNS_PNSunion is 46.752CNS_PNS Intersecinetwork had sixnetworks and

two networks extracted from the CNS_unique network. However, there are no significant
networks identified from the PNS_unique network. There are four large networks which have
more than 100 nodes. There were 13 MCODE clusters extracted liomutational gene
networks. These networks were validated since; all interactions are proved by literature
evidence. However, we have annotated mutation counts for each network to filter significant
gene according to the HNS canceEach gene network waseviewed for knowledge
extraction.The following figure (Figure 22)visualizes the Intersection MCODE cluster 1

which is a significant cluster found from the analysis.
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Figure 22 Mutation Intersection M CODE cluster 1

CNS_PNSIntersect. MCODE1(Figure 22)has 54 genes including oncogenes and gene
family. This cluster isassociated with thRibosomal Proteifiamily. These genes are related

to brain cancer pathway81]. Gene expression iRPL has patterns and it can be used to
classify cancers since it varies according to tumour type and tissue type. Thus research results
can be used as a clinical tool and therapeutic target. However, JUN (sopcogene) and

NCL (nudeolar protein) also included in ti@&NS_PNS Intersect. MCODEtluster. They are

also therapeutic targets for cancer progression.
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(2)ClusterONE algorithm results

ClusterONE was used for extracting overlapping regions in the main four networks (Union,
Intersection, CNS unique and PNS uniqu€juster ONE attemptto find densely connected

and possibly overlapping nodes (proteins) of the interact@uster ONEtries to findgene
clustersof high cohesivenes$his algorithm is usingdopting a greedy stratgg

There were 897, 530, 324, 45 ClusterONE -satworks for CNS_PNSunion,
CNS_PNSintersection, CNS_unique and PNS_unique networks respectively. According to
the literature Rralue, less than 0.05 is considered as significant networkaluB between

0.05 and 0.1 networks are moderately significant clusters aradue higher than 0.1 clusters

are not significanf82].

Table 8 Mutation ClusterOne results

No. of Internal | External
Network Netowk 1D Nodes Density | weight weight | P-value
CNS_PNSUnion CO_CP_union_01 | 56 0.710 1087 1845 0.0
CNS_PNSntersect CO_CP_intersect NA
CO_C _unique 01 38 0.710 501 201 0.000
CO_C_unique_02 23 0.600 153 189 0.000
CO_C_unique_03 13 0.600 47 37 0.008
CO_C_unique 04 15 0.610 65 86 0.00L
CO_C_unique_05 6 0.730 11 9 0.00L
CO_C_unique_06 15 0.610 64 103 0.0@
CO_C _unique_07 9 0.640 23 37 0.064
CNS unique CO_C_unique 08 5 0.800 8 12 0.073
CO_C_unique_09 11 0.6 34 70 0.086
CO_P_unique_01 6 0.600 9 3 0.04
CO_P_unique 02 6 0.600 9 6 0.008
CO_P unique 03 5 0.600 6 2 0.015
PNS unique CO_P_unique_04 5 0.600 6 3 0.020
CO_P_unique 05 6 0.67 10 11 0.050

There were 15 significd and moderately significant clusters in the ClusterOne rgdidtde
8). There is a significant cluster in the union network with 56 nodes. There are no clusters
identified from the CNS_PNS _Intersect network. There are nine clusters identified from CNS
unigue network (six significant clusters and three moderately significant clusters) and PNS
unique has five significant networks. These network proteins are overlapping with the results
obtained from MCODE clusters. However, we have merged the resultd&thnalgorithms
in the next steps in the analys&nce the protein networks we have obtained from algorithms
need to be associated with the cancer progression, we have further analyzed each network and
investigate the biological significance of the netks related to cance(Bigure 23)
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Figure 23CO_CP_union_01
Oncogenes were included for the network such as NF1, CBY1, TP53, PTHNMSe genes are associating
with Wnt signaling pathway

There are several oncogenes such as TP3&N, and NF1 in networks obtained from the
ClusterOne algorithm. According to figug3, CO_CP_union_01lis having NF1 andCBY1
genesCBY1 gene is associated with cell adhesion in \&ighaling pathway83]. There is a
disease associated interaction between NF1 and CBY1 genedwatwsl literature evidence
published in the BioGrid databalsst].

(3)M-cligue algorithm results

We have extracted complete graphs unique to the CNS mutation full network and PNS
mutation full network separately-Clique algorithm is trying to get cliques (subsets of
protein PPIsall adjacent to each othdry makingcomplete suimetworkg in aninteractome

A clique is a subset of proteins in an interactome in which every protein is connected with
every other protein of the subset. A maximal clique cannot extend liygaaidother protein

to the PPI network. The following gragkigure 24)shows the distribution of the complete
graph. According to the graph, three gene combinations are significantly high. However, their
combinations are not considered as signatures gsimeegene count is not sufficient to

interpret the results. Furthermore, in future work, these cliques need to be further investigated
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for information mining. We have eliminated protein complexes that have nodes less than five
(Genes>=5). The followintpbe (Table 9)shows the CNS unique complete graffhgll list:
Appendix 1)and PNS unique complete gragRsill list: Appendix 2)counts.
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Figure 24 Complete graphs vs. gene count in mutations
Three protein groups are the highestriequent protein complex in both CNS and PNS projects. However,
five more protein node complexes were used for signature creation

There are no complete graphs identified from the Peripheral network which has more than
four genes. These complete graphedcdo be further analyzed to understand biological
meaning. Since there are more than 238 graphs we have not considered them individually due
to the time constraint. We included them in the visualization panel to provide more insight
into the HNS comprehsive map. However, these complete graphs results can be used for
further investigation in HNS cancer PPI network analysis as future work. These complete
graphs proteins are repeated in the other outcomes obtained from MCODE and ClusterOne

algorithms. Eacltomplete graph is a protein combination of physically interacted proteins.

Table 9 Complete graphs extracted from mutation data

Networks No. of M-cliques Filtered No. of Mcliques
CNS unique 3228 238
PNS unique 44 0

The folowing figure (Figure 25)visualizes the circular gene network of the CNS unique
complete graph. There are 25 proteins associated with the network. It invohREsé&

activating protein highly expressed the placenta. The encoded protein is involved in
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cytoskeletal remodéng and trophoblast cell migrationNetwork proteins are highly

correlated with each other.

-SIA1 SRSF12
Figure 25 CNS unique M-clique

Cell migration proteins involved in the cluster suspected for metastasi25 Proteins vere involved in the
protein cluster. Each protein has an interaction to all other proteins.

(4)Other algorithms

Markov Cluster Algorithm(MCL) could not generate the biologically interpretable results as
due to time complexity Moreover, it uses hard clusgeand leading to significant amount of
protein overlap of biological functional modules.

PageRank (PR) is an algorithoould not generate results due to indexing errors in protein
weight allocationProtein interacts itself and isoform effect could hahdle by Page ranking
algorithm. Therefore biological networks could not be analyzed by the algorithm.

Fast Agglomerate AlgorithnfFAG-EC) algorithmsmerge observations before it reaches to
optimum level of degree in the network. Best Hub genes couldenektracted due to above
reason.

Due to the time limitation, research performed by using MCODE, ClusterONE, aiidjié
algorithms only. However, according to the literature MCODE and ClusterOne algorithms are
performing better in biological networksutare work needs to be done to evaluate network

analysis algorithm performance with cancer interactome.

4.2.2.5. Hub genes and critical genesidentification for gene

signatures

In the biological context, genes may have different functions in different biologitalggs.
Hub genes are significant genes in the network. There are many attributes considered to find
hub genes. The clustering coefficient, degree, and betweenness are some of the main
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attributes used in biological network analySeme genedo not makerotein complexes but
involving different core functions in differertiological pathways. Those genes may have
fewer degrees buheywill have a high betweenness.
Hub genesre defined ageneswith high correlation in candidate modules. High connegtivit
means that the connectivity ranked in the top 1f&%). According to the definition
mentioned above, we have identified the hub genes and highly clustered genes as gene
signatures. Significant genes will be considered as signature genes. To filter significant genes,
we have considered two aspects

1 Is the gene having a high correlation to the network?

1 Is the gene mutated in the HNS cancers?
For signature developmentve have merged all MCODE and ClusterOne networks into a
single network and generate a Union network. Intersection MCODE and ClusterOne networks
merged and generate an Intersect network. CNS unique and PNS unigue networks generate by
combining their respective MGDE and ClusterOne network results. The following table
(Table 10)shows the network parameters of each network. When combining networks some
genes were overlapping. There were no overlapping networks in every network as
components. There were no isolateddes in any network. Alhetworks are having
clustering coefficienbf more than 0.5The dustering coefficient measures the closeness of
the nodes. Itdleterminesvhether anetworkis a smaHlworld netwok. Higher the clustering
coefficient network's gnes are highly interconnected. The average numbers of neighbours are
more than 10 in every network other than the PNS_unique network.

Table 10 Mutation networks for signature genes identification

Network CNS_PNS_Union | CNS_PNS_Integect [ CNS Unique | PNS Unique
Components 5 6 9 5

Clustering coefficient 0.702 0.486 0.748 0.692

No. of nodes 364 526 149 28

No of Edges 4375 4374 999 40

Avg. no of neighbour nodes | 24.038 16.631 13.409 2.857
Isolated nodes NA

Network heterogeneity 0.693 0.790 0.725 0.426
Network centrality 0.100 0.089 0.162 0.085
Network density 0.066 0.032 0.091 0.106

Based on the above networks, we have ranked genes based on their local and global
parameters. We have considered the degree (number of nodes cotmé¢btedode we are

interested in) andetweenness (measured lwithe number of shortest pathstween any
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couple of nodes in the graphs that pass throughehe we are interested ifioy each node to

rank the genes.

Furthermore, we have used the cytoba toolMaximal Clique Centrality (MCC) (calculate

the centrality of the node with the cliques) method to rank genes in the networks.

The following figure(Figure 26)shows the results from Maximal Clique Centrality (MCC)
method to the Union network 1s0% genes. Even though the network is ranked based on
network parameters biological significant genes such as PTPN13 were get a lower rank in the
network (blue colour). Genes such as NF1 (3rd highest mutated gene in the network) and
PTPN13 (2nd highest mu&l gene in the network48 mutationy are highly mutated in the

Human Nervous System cancers.
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Figure 26 cytohubba PTPN13 ignored(48 mutations 2nd highestmutated genes
NF1 gene and JUN oncogenes are not considered as hub ger&BY1 oncogene was detected as a hub
gene

To overcome the above issue, we have sorted genes based on three parameters. Initially, genes
sorted on mutation count to capture important genes in HNS cancers. Secondly, to extract
highly connected nodes, weae filtered based on the clustering coefficient of the nodes.
Finally, we have sorted the genes based on betweenness to capture the hub genes in the
network. Hub genes are the genes that conneenstorks. Hub genes may not have a high
degree but themmeighbours are maybe in protein complexes.

After sorting the list we have extracted 1st 10% from the gene list of each network. We have
considered the 10% since most of the highly mutated genes appeared in the 1st 10% gene set.
Moreover, gene alteratiorgve highly diverse so the frequency of mutation from genes was

low in the tail of the gene list. Since we are generating commonly mutated gene signatures
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rare mutation occurrences were ignored. However, this study needs to be updated with the

mutation déa improvement in the future.
4.2.2.6. Mutation gene signature creation

We have generated four gene signatures for mutation network analysis. Union signature has
all genes which are common to the Central Nervous system (CNS) and Peripheral Nervous
System (PNS) carers. Each signature was validated separately and it will be discussed in the
following section (Signature validation). These signatu(@able 11) were used to

recommend the gene panels for HNS cancer predictions.

Table 11 Mutatio n signature table

Signature Genes

TP53, NF1, PTEN, PTPN13, FBXW7, MLLT4, GIGYF2, MED1
HDAC4, CUL4B, FN1, PHLDBZ2, TIAM1, LIMALl, CHD3, MED23
ILF3, STARD13, CCDC132, NOS2, SIPA1L1l, NAV1, ZNF63
ZBTB21, CYLD, VCAM1, PAN2, HNRNPL, CUL2, KDMI1A,
Mutation_union_signature PTPN14, MLK4, CEP250, HNRNPR, FGD6, CAMSAP2, AGAP1

TP53, NF1, PIK3R1, PTEN, ARID1A, AMBRAL, FLNA, FBXW7
MLLT4, PCBP2, HERC2, GIGYF2, MED12, HDAC4, EP400, CUL4|
FN1, DHX30, SRRM2, KDM5B, SPTAN1, PRPF8, CHD3, MERZ
IDH2, GAK, DAB2, ILF3, PUF60, CCT7, UPF1, NOS2, RRP]
NFKB1, CHD5, ZNF638, BRD8, CYLD, IGF2BP1, PAN2, VCAM
HNRNPL, CUL2, SF3B1, PABPC4, CEP250, ZNF207, HNRNH
Mutation_intersect_signature SNRNP200, MYH9, PTPN14

PTPN13, TNRC6A, NRXN1, PHLDB2, CCDC132, TIAM]
STARD13, NAV1, ZBTB21, SIPA1Ll1, MLK4, TNRC6B, TTC2€
CNS_unique_signature CAMSAP2, AGAP1

PNS_unique_signature VPS4A, SULT1C2, MRPS35

4.2 .3.Data validation results

4.2.3.1. Mutation clustering results validation

We have considered the three segments of mutation data in clustering (Gqusition,
gene, and protein). We have used severaptediction methods to predict the number of
clusters, however, the results were inconclusive to generate clusters since K=2. We have
generated the gene hierarchical clusters. Clusters were insighifigca to two reasons. Data
have highly diverged which led to generating inconclusive clusters. Secondly, gene clusters
are not biologically important since they were exclusive from biological reasoning. Gene
clustered based on mutation occurrence andwitht the biological relatedness. Random
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mutations became noise to these clusters. There were no proper methodologies to filter the
gene mutations which are correlated with the HNS cancers. Due to the above reasons, there

were no significant clusters to \@ddte in mutation clustering.
4.2.3.2. Mutation association rules validation

After generating the association rules we have validated the results with biological evidence.
We have validated each associasauales by using PSICQUI{B5] which hasa combination

of proteirprotein and gene interactions. Fig@&&ashown below is the output of SMARCA4,
TP53> IDH1 association rules. According to the resttisre is a direct association between
TP53 and SMARCA4 however, therg no biobgical evidence shown to prove between
SMARCA4 and IDH1 or TP53 and IDH1. Furthermore, most of the association rules could
not be validated via this method since all genes in a particular rule will not interact directly.
However, in three gene combinatipasleastwo genesnteract directly.

interactionID ¥ confidenceScore ¥ provider B.name

biogrid:261857 NA BioGrid SMARCA4
biogrid:261858 NA BioGrid SMARCA4
biogrid:261862 NA BioGrid SMARCA4
biogrid:657418 NA BioGrid SMARCA4
biogrid:669727 NA BioGrid SMARCA4
intact:EBI-1750529|imex:IM-20034-3 intact-miscore:0.35 IntAct SMARCA4
intact:EBI-1750529|imex:IM-20034-3 intact-miscore:0.35 IMEx SMARCA4
biogrid:261862 mentha-score:0.814 mentha SMARCA4
biogrid:261857 mentha-score:0.814 mentha SMARCA4
intact:EBI-1750529 mentha-score:0.814 mentha SMARCA4

biogrid:261858 mentha-score:0.814 mentha SMARCA4

Figure 27 PSICQUIC literature evidenceoutput for association rule SMARCA4, TP53> IDH1
Confidence score expressed with Menthacore, BioGrid does not provide interaction confidence

As the next step we consider the 1st neighlmolinkage for the gene combination. We
considered the human protein interactome as a network and caldhkasirtest paths for
each gene combinations. According to the results, many links between two genes ataybe n
directinteraction with each other. However, they haeé neighbar interactionsThe figure
(Figure 28)shown below is the GENEMANIA network visualization for ATRX, TTN> IDH1
association rule. According to the results shown here, IDH1 is havingdtberavith ATRX

and TTN through IDH2 and VIM. However, these interactions should be further investigated
since they should be in the same pathway of share common attributeglcmexpression

level.
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@

Figure 28 Association rule ATRX, TTN> IDH1
Interactions between three genes areisualization with GENEMANIA tool . VIM gene is the intermediate
gene which builds the link for the rule

Finally, we considered thReactomepathways to track the relationship between genes. We
visualizethe association rules based Reactomepathways that they share atie hierarchy

of the common Reactome pathway. According to the results, many association rules have
common Reactome at the higher level, however, all the genes in an associationesldagen

not work under one lowdevel Reactome pathwd¥igure 29)
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Figure 29 Association rule SMARCA4, TP53> IDH1 visualization withReactomepathway interactions
Genes shortest pathways length between each other is 2

We have mitted the two gene combinations since they halosver impactthanathreegene
combination. Moreover, some association rules gene combinations are repetitive if all genes
are considered as a single group. (Eg: SMARCA4, TP53> IDH1 and SMARCA4, IDH1>
TP53 These combinations are validated as a single ¢adl®wing association rules were
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(Table 12)considered as separate signatures for HNS mutation data. These rules need to be

further validated with a large dataset or with a biological experiment.

Table 12 Validated Association rules

No. Left hand side of the rule rhs Support Confidence Lift Count
1 ATRX, TP53 IDH1 0.056 0.947 2.614 109

2 SMARCA4, TP53 IDH1 0.014 0.923 2.546 24

3 APOB, TP53 IDH1 0.010 0.910 2.507 20

4 ATRX, TTN IDH1 0.010 0.8 2.300 20

5 MUC16, TP53 IDH1 0.016 0.7 2.005 32

4.2.3.3. Mutation gene networlk validation

We have generated gene networks from three algorithms and filtered them based on their
quality and gene count. These gene networks were validdtbdbiological reasoning by
using Reactome pathways. The following figures and tables show the biological pathways of

each network.

(1)Mutation union gene network

Union gene network represents the gene clusters from all mutated genes and their 1st
neighbaurs' interactions in the biological context. We named it and union signature since
these genes represent at least one type of cancer in the human nervousT$stettowing

graph shows the pathways mutated from the union gene network. These gendsrpadsen
types of pathways in common. Sub pathways involved in signal transduction pathways are
mutated higher than others. However, gene expression regulating pathways also mutated
according to the results. Therefore we can conclude that these mutgiamtswill represent

gene expression levels also. According to the graph given l§Eigure 30) the programmed

cell death pathway and cell cycle pathway also mutated. However, this representation is
visualized in the higher level of the Reactome pathwHhys important to study the detailed

level of sub pathways in these hitgvel pathways.

We have used the Reactome tool to retrieve the pathways and their respeetivesp We

have considereBDR O0.05to obtain Reactome pathwaykhe False discovery ratdDR) of

the genesetis providing theexpected proportion of false discoveriesa given genaet.

There were 300 Reactome pathways involved in the Mutation union signature. The following
table(Table 13)has the detailed level of the Reactome pathways mutated due to the dataset. It

has the pvalue of each Reactome pathwdie pValue depicts thestatistical significance of
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eachobtained Reactome pathway for a geee Binomial Testis usel for calculating the

statistical significance of each pathw&g].
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Figure 30 Union signature in Reactome pathways
Image was created with reactome pathways tool by mapping for human interactome proteibisease,
Gene expression, Signal tnasduction, Cell cycle, Programmed cell death, Immune system pathways are
affected due to the mutations

The following table(Table 13)shows the genes involved in each pathway. We have filtered
Reactome pathways which has less than two genes of ousgfefoe Table 13 Genes such

as TP53 involved in many pathways. Moreover, the TP53 gene is the 2nd highest mutated
gene in the mutation dataset. It shows the significant involvement of TP53 in human nervous
system cancers.

Table 13 Union gene network mutated pathways

Pathway name PValue | Gene
HDAC4, VCAM1, NOS2, FBXW7, CUL2, FN1,
Immune System 0.006| PTEN, PTPN13, PTPN14, PAN2, CYLD, NF1, TP§
HDAC4, STARD13, KDM1A, FBXW?7, FN1, PTEN,
HNRNPR, CHD3, PAN2, TAM1, CYLD, NF1,
Signal Transduction 0.080 | TP53
Cytokine Signalling in the Immune syster, 0.001| VCAM1, NOS2, NF1, FN1, PTPN13, PTPN14, TP1
HDAC4, KDM1A, NOS2, FBXW?7, FN1, NF1,
Disease 0.120 | PTEN, HNRNPR, CHD3, CAMSAP2
Signalling by Interleukins 0.000| VCAM1, NOS2, FN1, PTPN13, PT¥4, TP53
HDAC4, MED23, MED12, FBXW?7, PTEN,
Generic Transcription Pathway 0.010 | HNRNPR, CHD3, TP53
HDAC4, MED23, MED12, FBXW7, PTEN,
RNA Polymerase Il Transcription 0.020 | HNRNPR, CHD3, TP53
HDAC4, MED23, MED12, FBXW, PTEN,
Gene expression (Transcription) 0.034 | HNRNPR, CHD3, TP53
HDAC4, CYLD, FBXW?7, CUL2, FN1, PTEN,
Posttranslational protein modification 0.125| CHD3, TP53, CUL4B
HDAC4, CYLD, FBXW?7, CUL2, FN1, PTEN,
Metabolism of proteins 0.504 | CHD3, TP53, CUL4B
Interleukin4 and Interleukiril3 Signaling 0.000| VCAM1, NOS2, FN1, TP53
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Diseases of signal transduction by growt|

factor receptors and second messengers 0.001 | HDAC4, FBXW?7, FN1, NF1, PTEN, CAMSAP2
Transcriptional Regulation by TP53 0.002| PTEN, HNRNPR, CHD3, TP53
PTEN Regulation 0.000| KDM1A, PTEN, CHD3, TP53
PIP3 activates AKT signalling 0.001 | KDM1A, PTEN, CHD3, TP53
Intracellular signalling by second

messengers 0.002 | KDM1A, PTEN, CHD3, TP53
Regulation of PTEN gene transcription 0.000| KDM1A, PTEN, CHD3, TP53
Signalling by NOTCH 0.003 | HDAC4, FBXW?7, TP53
Hemostasis 0.188| KDM1A, NOS2, FBXW?7, FN1, TP53
Developmental Biology 0.484| MED23, MED12, TIAM1, ZNF638, CUL2
Infectious disease 0.636 | KDM1A, NOS2, HNRNPR, CHD3
Metabolism 0.100 | MED23, MED12, FBXW?7, PTEN, PTPN13
Interleukin37 Signalling 0.000| PTPN13, PTPN14

NOTCHL1 Intracellular Domain Regulates

Transcription 0.000 | HDAC4, FBXW7

Signalling by NOTCH1 HD+PEST

Domain Mutants in Cancer 0.000 | HDAC4, FBXW7

Constitutive Signalling by NOTCH1

HD+PEST Domain Mutants 0.000| HDAC4, FBXW7

Signallingby NOTCH1 PEST Domain

Mutants in Cancer 0.000| HDAC4, FBXW7

Constitutive Signalling by NOTCH1 PES]

Domain Mutants 0.000| HDAC4, FBXW7

Signalling by NOTCH1 in Cancer 0.000| HDAC4, FBXW7

Signalling by NOTCH1 0.000| HDAC4, FBXW7

TP53 Regulates Metabolic Genes 0.001| PTEN, TP53

Interleukinl family Signalling 0.003| PTPN13, PTPN14

Regulation of TP53 Activity 0.004| HNRNPR, CHD3, TP53

Adaptive Immune System 0.507 | VCAM1, FBXW7, CUL2, PTEN
Innate Immune System 0.731| HDAC4, PAN2, CYLD, NOS2
Metabolism of lipids 0.792 | MED23, MED12, PTEN, PTPN13
Transcriptional regulation of white

adipocyte differentiation 0.007 | MED23, MED12, ZNF638

SUMO E3 ligases SUMOylate target

proteins 0.03 | HDAC4, CHD3, TP53
SUMOylation 0.034| HDAC4, CHD3, TP53
Ub-specific processing protess 0.04| CYLD, PTEN, TP53

Neddylation 0.06 | FBXW7, CUL2, CUL4B
Deubiquitination 0.09| CYLD, PTEN, TP53

Signalling by Rho GTPases 0.237| TIAM1, STARD13, KDM1A
Metabolism of RNA 0.552| HNRNPL, PAN2, HNRNPR
Signaling by GPCR 0.923| TIAM1, FBXW7, HNRNPR

After the gene analysis with Reactome pathways, we have mapped the genes and their disease
association to understand the other types of diseases caused due to gene alterations we have
found. We have used the Open tarp8kplatform for the analysis. We have extracted all the
disease associations for the geneset we have identified from the mutation union signature. The

following figure (Figure 31)shows the bar chart of the first twenty diseases associated with
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the geneset after filtering from the gene count (each disease may have different gene
involvement).

Gene Count

W Genes

Figure 31 Gene disease relation with Open target
Cancer or HNS pathways related disease were detected

According to the above graph, cancer is the disease which has the highest number of genes
associations from the geneset. Furthermore, most of the disease is related to cancers and
central nervous system diseas€&here is a term called "measurement” which explains the
information entity that is a recording of the output of measurement such as produced by an
instrumentin Open target platform. With the above graph, the CNS_PNS_union signature can
be used to detediNS cancers. Furthermore, it can provide an overview of other diseases
which can be appeared in a patient who has gene alterations in the geneset.

(2)Mutation Intersection network

Following Reactome visualizatiqifigure 32)shows the mutation intersectioerges involved
in the biological pathways. Reactome pathways in the mutation intersection network are
similar to the mutation union network. However, less number of pathways are altered in the

mutation intersection network compared to the mutation uniomonket
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Figure 32 Mutation Intersection network Reactome visualization
Signal transduction, Disease antinmune system pathways were altered

We have used the FDR0.05to get the Reactome pathways involved in the gateThere

are 488 Reactome pathways. However, the below t@tdble 14)shows the Reactome
pathways which have more than two genes in the Mutation intersection networkegenbe
immune systemathway is the highest genes count mutated according to the mutation results.
Even though, Single transduction Reactome pathway is highly mutated-vieduep is
comparatively higher than the rest. The following taflable 14)shows the Reactome
pathwayswhich have more than two genes. There are 75 Reactome pathways filtered below
with their respective genes.

Table 14 Mutation Intersection Network Reactome pathways

Pathway name P Value | Submitted entities found

HDAC4, VCAM1, NOS2, FBXW7, CUL2, FN1, PTEN,
PIK3R1, PTPN14, NFKB1, PAN2, CYLD, HERC2,
Immune System 0.001| PCBP2, NF1, FLNA, MYH9, TP53, SPTAN1

HDAC4, FBXW?7, FN1, PTEN, HNRNPR, PIK3R1,
CHD3, NFKB1, PAN2, CYLD, IGF2BP1, NF1, MYHS9,

Signal Transduction 0.117| FLNA, TP53, SPTAN1
Cytokine Signalling in the Immune VCAM1, NOS2, NF1, FN1, FLNA, PIK3R1, PTPN14,
system 0.000| TP53, SPTAN1, NFKB1
HDAC4, MED23, MED12, KDM5B, FBXW?7, PTEN,
Gene expression (Transcription) 0.012| HNRNPR, CHD3, ARID1A, TP53, SF3B1, NFKB1
HDAC4, MED23, MED12, KDM5B, FBXW?7, PTEN,
Generic Transcription@&hway 0.06 | HNRNPR, CHD3, ARID1A, TP53, NFKB1
HDAC4, MED23, MED12, KDM5B, FBXW?7, PTEN,
RNA Polymerase Il Transcription 0.012 | HNRNPR, CHD3, ARID1A, TP53, NFKB1
HDAC4, NOS2, FBXW7, FN1, NF1, PTEN, MY%
Disease 0.302 | HNRNPR, PIK3R1, CHD3, NFKB1
Signalling by Interleukins 0.000| VCAM1, NOS2, FN1, PIK3R1, PTPN14, TP53, NFKB1
HDAC4, FBXW7, CUL2, FN1, PTEN, CHD3, CYLD,
Metabolism of proteins 0.325| HERC2, MYH9, CCT7, TP53, SPTAN1, CUL4B

HDAC4, CYLD, HERC2, FBXW?7, CUL2, FN1, PTEN,
Posttranslational protein moddation 0.072| MYH9, CHD3, TP53, SPTAN1, CUL4B

SRRM2, HNRNPL, PAN2, UPF1, PUF60, PCBP2,

Metabolism of RNA 0.001| IGF2BP1, HNRNPR, SNRNP200, SF3B1, PRPF8
Interleukind and Interleukirl3

Signalling 0.000| VCAM1, NOS2, FN1, PIK3R1, TP53

Innate Immune System 0.179| HDAC4, PAN2, CYLD, NOS2, PCBP2, MYH9, PIK3R1,
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SPTAN1, NFKB1
SRRM2, HNRNPL, PUF60, PCBP2, HNRNPR,
MRNA Splicing- Major Pathway 0.000| SNRNP200, SF3B1, PRPF8
SRRM2, HNRNPL, PUF60, PCBPRINRNPR,
mRNA Splicing 0.000| SNRNP200, SF3B1, PRPF8
Processing of Capped Intron SRRM2, HNRNPL, PUF60, PCBP2, HNRNPR,
Containing PrenRNA 0.000| SNRNP200, SF3B1, PRPF8
Diseases of signal transduction by
growth factor receptors and second
messengers 0.003 | HDAC4, FBXW?7, FN1, NB, PTEN, PIK3R1
MED23, MED12, ZNF638, CUL2, MYH9, PIK3R1,
Developmental Biology 0.237| SPTAN1, NFKB1
Transcriptional Regulation by TP53 0.008 | PTEN, HNRNPR, CHD3, TP53
VCAM1, HERC2, FBXW?7, CUL2, PTEN, PIK3R1,
Adaptive Immune System 0.199| NFKB1
Metabolism 1.000 | MED23, MED12, FBXW?7, IDH2, PTEN, PIK3R1
Chromatin organization 0.001| KDM5B, EP400, BRD8, CHD3, ARID1A, NFKB1
Chromatin modifying enzymes 0.002 | KDM5B, EP400, BRD8, CHD3, ARID1A, NFKB1
PIP3 activates AKT Signalling 0.003| PTEN, PIK3R1, CHD3, TP53
Intracellular Signalling by second
messengers 0.008| PTEN, PIK3R1, CHD3, TP53
Hemostasis 0.203| NOS2, FBXW?7, FN1, FLNA, PIK3R1, TP53
Infectious disease 0.710 | NOS2, MYH9, HNRNPR, CHD3, NFKB1
PTEN Regulation 0.001| PTEN, CHD3, TP53
Signalling by NOTCH 0.007 | HDAC4, FBXW?7, TP53
MAPK family Signalling cascades 0.043| IGF2BP1, FN1, NF1, PIK3R1, SPTAN1
NOTCHL1 Intracellular Domain
Regulates Transcription 0.000 | HDAC4, FBXW7
Signalling by NOTCH1 HD+PEST
Domain Mutants in Cancer 0.000 | HDAC4, FBXW7
Constitutive Sigalling by NOTCH1
HD+PEST Domain Mutants 0.000| HDAC4, FBXW7
Signalling by NOTCH1 PEST Domai
Mutants in Cancer 0.000| HDAC4, FBXW7
Constitutive Signalling by NOTCH1
PEST Domain Mutants 0.000| HDAC4, FBXW7
Signalling by NOTCH1 in Cancer 0.000| HDAC4, FBXW7
Regulation of PTEN gene
transcription 0.000| PTEN, CHD3, TP53
Signalling by NOTCH1 0.001| HDAC4, FBXW7
Transcriptional regulation of white
adipocyte differentiation 0.002 | MED23, MED12, ZNF638, NFKB1
TP53 Regulates Metabolic Genes 0.003| PTEN, TP53
Cell-Cdl communication 0.004 | FLNA, PIK3R1, SPTAN1, MLLT4
Regulation of TP53 Activity 0.001 | HNRNPR, CHD3, TP53
SUMO E3 ligases SUMOylate target
proteins 0.011| HDAC4, HERC2, CHD3, TP53
SUMOylation 0.013| HDAC4, HERC?2, CHD3, TP53
Extracellular matrix organizatio 0.072| VCAM1, FN1, ZNF207, MYH9
RAF/MAP kinase cascade 0.082| FN1, NF1, PIK3R1, SPTAN1
MAPK1/MAPK3 Signalling 0.087| FN1, NF1, PIK3R1, SPTAN1
FLT3 Signalling 0.101| FN1, NF1, PIK3R1, SPTAN1
Axon guidance 0.304| CUL2, MYH9, PIK3R1, SPTAN1
Nervous systemealelopment 0.343| CUL2, MYH9, PIK3R1, SPTAN1
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Membrane Trafficking 0.400 | GAK, DAB2, MYH9, SPTAN1
Cellular responses to stress 0428 | CUL2, EP400, TP53, NFKB1
Cellular responses to external stimul 0.448| CUL2, EP400, TP53, NFKB1
Vesiclemediated transport 0.557 | GAK, DAB2, MYH9, SPTAN1
Metabolism of lipids 0.923| MED23, MED12, PTEN, PIK3R1
Association of TriC/CCT with target

proteins during biosynthesis 0.001| FBXW7, CCT7, TP53
Transcriptional Regulation by VENT)  0.002 | TP53, NFKB1

mRNA Splicing- Minor Pahway 0.002| SNRNP200, SF3B1, PRPF8
DDX58/IFIH1-mediated induction of

interferonalpha/beta 0.010 | CYLD, PCBP2, NFKB1
Chaperonirmediated protein folding 0.010 | FBXW?7, CCT7, TP53

Protein folding 0.014| FBXW?7, CCT7, TP53
Downstream TCR Signalling 0.022| PTEN,PIK3R1, NFKB1

TCR Signalling 0.033| PTEN, PIK3R1, NFKB1
Interleukinl family Signalling 0.044 | PTPN14, NFKB1

Cellular Senescence 0.0 | EP400, TP53, NFKB1
Ub-specific processing proteases 0.075| CYLD, PTEN, TP53
Neddylation 0.107| FBXW7, CUL2, CUL4B
Deubquitination 0.158| CYLD, PTEN, TP53

Platelet activation, Signalling, and

aggregation 0.167| FN1, FLNA, PIK3R1

Antigen processing: Ubiquitination &

Proteasome degradation 0.189| HERC2, FBXW7, CUL2

DNA Repair 0.255| HERC2, TP53, CUL4B
Interferon Signalling 0.298| VCAML1, FLNA

Class | MHC mediated antigen

processing & presentation 0.381| HERC2, FBXW7, CUL2

Cell Cycle 0.685| HERC2, CEP250, TP53
Signalling by GPCR 0.978| FBXW7, HNRNPR, PIK3R1

Similar to the CSN_PNS _union signature we have analyzed the disesmsaton for

CSN_PNS intersect signature. The following grégigure 33)shows the first twenty disease

associated with the CSN_PNS_intersect signature.
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Figure 33 Disease association results for CNS_PNS_union_signature
Cancerand neoplasm are highly associated with the genes8&0 genes in the geneset associate with cancers

Cancers, cell proliferation disorders and Neoplasm diseases are mainly altered in the
signature. However, all disease is related to cancers and HNS disBasaotype is not a
disease according to the Open target platform. However, mutations in genes associated with

phenotype may show the phenotypes related to the specific genotype.

(3)CNSunigue network validation

The following figure (Figure 34)shows thevisual representation of the CNS's unique
network. It is generated from genes that are mutated only in brain cancer datasets and their 1st
neighbours. Signal Transduction and Neuronal System Reactome pathways are highly
mutated in the datasets. Howevemnfi the following graph, we only obtain hidgwvel
Reactome pathways. To understand the deeper level, the genes involved in each pathway, and
their significance, we hawanalyed the genset with the Reactome tool.
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Figure 34 Unique CNS network Reactome visualization
Cellular response for external stimulation and signal transduction pathways altered

There were 79 Reactome pathways involved in the -genénitially, we have extracted
Reactome pathwaythat have more than two @ne involvementThere was only one gene
combination. Secondly, we have considered more than one gene combinations. The following
table (Table 15)shows the Reactome pathways and themljpes. TheSIPA1L1 gene (16
mutations) andNRXN1 gene (39 mutationwith two isoformsQ9ULB1 (30 mutations) and

P58400(9 mutation} genes are mutated in the nervous system Reactome pathways.

Table 15 Brain Unique network Reactome pathways

Pathway name P Value Submitted entities found

Signal Tranduction 0.582| TIAM1, STARD13, TNRC6A, TNRC6B
Neurexins and neuroligins 0.000| SIPA1L1, NRXN1

PPl at synapses 0.000| SIPA1L1, NRXN1

Neuronal System 0.019| SIPA1L1, NRXN1

We have performed disease association analysis with the CNS signature. The fdilguveng
(Figure 35)shows the results of 1st twenty diseases associated with the geneset. However,
this geneset is different from the other signatures since it involves different types of diseases

such as thoracic disease.
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Figure 35 CNS signature disease association
Nervous system disease, brain disorders anéeral other biological system relatediiseasevere detected
Genes related to visual system and eye diseases were altered.

(4)PNS uniguenetwork validation

The following figure (Figure 36shows the visual representation of the peripheral nervous
system's unique network. It is generated from genes that are mutated only in peripheral
nervous system cancer datasets and their 1st neighbours. However, from thevedigh
represatation, it is not clear about the Reactome pathways affected by peripheral nervous
system cancer mutations. Therefore we have used the Reactome tool for further investigation.

We received 28 Reactome pathways for the peripheral nervous system cane¢s.datas
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Figure 36 PNS cancer unique network validation
Cell cycle pathways is altered

We have tried to extract thrggene combinations in peripheral nervous system cancer unique
network Reactome pathways. However, there are ne gembinations other than two. The

following table (Table 16)shows the results of two participant filtration. There are ten
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pathways and their respectivevalues. However, the genesunts wereone even though

their Reactome pathways participant coungsemwo. When we have further investigated the
proteins involved in each pathway, it showed that two proteins involved in the pathways are
encoded by the same gene. As an example&StHel1C2gene encode®00338and 075897
proteins which participate in th@ytosolic sulfonation of small moleculgsithway.O00338

and O75897 two proteins encoded @108293668.08308461 and chr208378338
108387429 genome location respectively. Their protein sequence identity is 64%. Since they
have low protein sequence idgytand transcripted by different transcripts, they are not
isoforms even though they are encoded by the same §ed.1C2gene is involved in the

biological oxidation pathway and tihRPS35gene involved in mitochondrial translation.

Table 16 Peripheral nervous system cancer unigue network Reactome pathways

Pathway name P Value Genes
Cytosolic sulfonation of small molecules 0.000 SULT1C2
Mitochondrial translation termination 0.000 MRPS35
Mitochondrial translation initiation 0.001 MRPS35
Mitochondrial translation elongation 0.000 MRPS35
Mitochondrial translation 0.001 MRPS35
Phase I} Conjugation of compounds 0.001 SULT1C2
Biological oxidations 0.04 SULT1C2
Translation 0.006 MRPS35
Metabolism of proteins 0.215 MRPS35
Metabolism 0.238 SULT1C2

The following graph(Figure 37)explains the disease association in PNS signature. It has a
Bone disease association. It also represents peripheral nervous system related disease such a

musculoskeletal disorders.

Genes

M Genes

Figure 37 PNS signature disease association
Skeleton and bone related diseases anther biological system disorders also detected

(5)Validation with cancer gene census
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The gene signatures we have extracted from the networks needed to be validatedceith

related evidence. We have used the cancer gene census for the above validat@ancer

Gene Census (CGC) is an ongoing effort to catalogue those genes which contain mutations
that have been causally implicated in cancer and explain how dysfuraftthese genes
drives cancer87]. According to the results we have found canetated genes in the
mutation signatures.

Mutation Union signature has 8 cancer genes. They are common to all type of cancers. The
gene TP53, NF1, PTPN13, FBXW7, PTEN, MLLT4, CYLD and MEDR1€ the genes in the
Union signature. The mutation Intersection signature has 13 egelatyd genes.TP53

NF1, FBXW7, PTEN ARID1A, MLLT4, MYH9, PIK3R1, SF3B1 MED12, FLNA, CYLD

and IDH2). Mutation Brain unique signature has only one canelated gae PTPN13.
However, out of three genes in Mutation Peripheral unique signature, there are ne cancer
related genes. There are many cametated suspected genes apart from the Cancer Gene
Censugyene list. Genes included in the CGC have strong evidence of cancer progression.
After finding four signatures in the mutation analysis we have validated them with biological
evidence as explained above. Furthermore, there are protein cliques (complaty) gral
association rules identified from the analysis. However, we have not included them in the
signatures since most of them are already included in the signature development and they
were treated as a different outcome for the research findings.tunefuthese protein
complexes (complete graphs) should be further investigated with more mutation data in HNS
cancers to find the causality. We have included all mutation results in the development of the

HNS signature map which we will discuss in thedwling sections.

4.2.4.Data visualization results

4.2.4.1. Mutation information dataframe creation

After the mutation analysis, we have created an informaiatndataset for mutation analysis

in human nervous system cancers. The following figkrgure 38)shows the dta frame of

the mutated positions in the dataset and their information. However, accessing a particular
mutation for a user who has little programming knowledge is difficult if the-fdatee is

saved as an R data frame. Thus, we have created a visaaliganel for mutation details.

We have visualized the results by using different methods such as sequence level, protein
structure level, and drug details. We have visualized the mutations and their respective protein
structures and topological propestiby using the PDB database, UNIPROT API, and PDBe
component library. From the panel, the user can get all the details annotated for the particular

mutation we have included in the research.
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Donor * Genomicchnage ° Genomic_pos * Gene * ENSP * PP ¥ AAchng © projet  © SWISSID © PDB.chain ° PDBresidueNo * AA * Locatiol
Sample 10 11939596 T/A 1:1939596-1939596 CFAP74  ENSPOO000417061 959 */K mpnst_mskcc  Q9COB2 NA

Sample 10 1 1939596 T/A 1:1939596-1939596 CFAP74  ENSPOO000434671 376 */K mpnst_mskcc  ADAZRBYEX1 A

Sample_10 1 6440396 C/T 1:6440396-6440396 ESPN ENSPO0000367059 211 mpnst_mskec  B1AKS3

Sample_10 1_6440396_C/T 1:6440396-6440396 ESPN ENSP00000401793 7 mpnst_ mskcc  QSJYLL

Sample 10 1 6440396 C/T 1:6440396-6440396 ESPN ENSP00000490186 mpnst_mskcc  ADA1BOGUNS VA

Sample 10 1 6440396_C/T 1:6440396-6440396 ESPN ENSPO0000496593 mpnst_mskec  BIAKS3

Sample_10 1 .45332470_C/T 1:45332470-45332470 ENSP00000346354 mpnst_mskec  QOUIF7

Sample_10 1.45332470_C/T 1:45332470-45332470 ENSP00000347685 mpnst_mskcc  QOUIF7

1
2
3
4
5
6
7
8
9

Sample_10 145332470 C/T 1:45332470-45332470 ENSP00000361170 mpnst_mskcc  QQUIF7

=]

Sample_10 1 45332470 _C/T 1:45332470-45332470 ENSP00000361176 mpnst_mskcc  QOUIF7
Sample_10 145332470 C/T 1:45332470-45332470 ENSP00000361182 mpnst_mskcc  QOUIF7
Sample_ 10 1.45332470_C/T 1:45332470-45332470 ENSP00000361187 3 mpnst_mskcc  QQUIF7

Sample_10 145332470 C/T 1:45332470-45332470 ENSP00000410263 mpnst_mskcc  Q5T418

Figure 38 Mutation dataframe: consistwith Protein details, structure details and Genomic positions

4.2.4.2. Mutation and Protein structure data visualization

The following figure (Figure 39)shows the visualization panel created for the mutations
captured in the dataséh protein sequence and stture visualization, we have used the PDB
Topology Viewer, Sequence feature View, PDB Residue Interactions, and LiteMol. LiteMol
plugin will enable us to download the protein structure and add water molecular interaction
visualization. PDB structures aretatable. These features were added to make the process
easy for oncologists and cancer researchers.

Protein sequence viewer Protein topological graph and 3d visualization

Cefutar amor angen pS3
POIEIT PS3_HUMAN Homo sapkens TPS3
e o

Figure 39 Mutation visualization panel for illustrate mutations protein structures and topological
evidences

The panel can visliae the topological properties and 3d structure of the protein sequences.
By adding visualization plugins, we try to improve the tfsendliness of the results output.
Since protein structures are less identified compared to sequence data this fisnotibyn

available for weHstudied proteins. UNIPROT sequence visualization enables the user to
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select the protein structure they prefer based on protein structure quality and protein mutation.
If there are protein structures available for wild type andated protein researcher can
visualize both proteins and compare the differences. By using this panel protein residue
location can be identified. Mutated appeared in motifs and domains will be more pathogenic
compared to the rest since they are in theibmdites.

The following figure(Figure 40)shows the single mutation structure comparison performed

in the research via this panel. We have studies highly mutated positions (C9J4N6 132 R>H
and P04637 273 R>C) by using these components. We identifiedypédprotein structure

and mutated protein structure. For further investigation, we used the RCSB PDB structure

comparison for the following mutations.

C9JaN6_132_R

Figure 40 Mutation topological view in C9J4N6 132 H protein position of thehelix structure

In the above figurewe have compared the highest mutated protein and its wild type structure
of the IDH1 gene (protein isoforms). The mutation occurred in thedbetet of the protein.
Yellow colour highlighted areas in the above figure the wild type and mutated type protein
residue. According to Pfam, this mutation occurred in the DNA binding region. According to
the structure comparison in the RCSB PDB tool, R>H mutation is structurally equivalent but
not the same residue.

In figure 41, TP53 protein mutation is shown. This mutation also appeared in thshzeta

and also in the DNA binding site. However, according to the RCSB PDB structure

comparison, this mutation is structurally equivalent even though, the residue is changed. Sinc
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the residue is not similar the attributes of the protein residue will be altered. Due to the above

reason, protein binding site function will be altered.

P04637_273_R P04637_273_C

Figure 41 TP53 mutation 3d visualizationin isoform P04637 272 R/C mutatn
By using the visualization panel, a detail view of the mutation can be obtained. The panel is
developed by using freely available thjpdrty tools. However, to visualize the protein
internet facility is required. We have not downloaded all the praieuctural data since it

needs high data storing facilities and frequent updates.
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5. Gene expression datanalysis

The chapter explains the methodology and results of the gene expression data analysis (B)
(Chapter 3: Figure 10).

5.1 Methodology in gene expresen data analysis

Gene expression data goeocessingerformed individually for the four datasets downloaded
from the data source. Four datasets hawkfferent number of genes and patien®ene

expression data are data matrixes.

5.1.1.Gene expression dat@reprocessing

5.1.1.1. Gene expression normalization

Initially, null values were removed from tHeur datasetsThen we have scaled-0) the

matrixes before analysig/e have normalized the data based on genes.
5.1.1.2. Gene filtration

Each data matrixoefficient of Varationwas calculated to identify the highly varied genes.
We have filtered out genes which are varied less than 50%. The cutoff value of 50% was
identified based on the elbow methodhe @ove procedure helped to reduce the
housekeeping gene impact of theatrixes (noise)After the data preprocessing we have
created four gene expression normalized datasets based on genes which-défficient

covarianceof more than 50% perent.

5.1.2.Gene expression dta analysis

5.1.2.1. Pilot experiment

Initially, we have usedn externalGBM datasef88] to test the clustering methods efficiency
by using different statistitanethods.Secondly, we have tested the effectiveness of gene
filtering by biological reasoninglVe have performed patient clustering using hardngans,
Affinity propagation Partition Around Medoids (PAM clustering, hierarchical and soft
(fanny, Gmears, topic modling) clustering methodsTo predict the K value for hard
clustering and soft clustering we have used Elbow method, BIC method, AIC method,
Gap statistic method argllhouettescore methodsWVe have validated the clustering results
with internal validation method$OM and silhouette scorend external validatiofJaccard
score and Random Inder)ethods. We have used biological classification provided with the

dataset for external validatiomAfter analyzing the results most fawable clstering
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strategies were concluded/e haveexperimentedvith full genes and COSMIC genes in the

data matrix. Based on the results we have performed the analysis for four datasets.

5.1.2.2. Gene expression clustering

(1)Dimension reduction methods

Initially, dimension reduction techniques were used to reduce the gene count. Principal
component analysis antDistributed Stochastic Neighbor embeddingSNE) algorithm
algorithms were used for dimension reduction. However, dimension reduction was no success
and the reams will be discussed in the discussion secfidre R package was used for data

purification and filtering.

(2)Clustering approaches without frediction

We have performed hierarchical clustering and DBSCAN for the datasetsHThest
package was uset test the Hierarchical clusterin@PBSCAN R library was used for the
DBSCAN method.

(3)K-prediction for clustering

Elbow method, Bayesian information criterion (B8], Akaike informaton criterion
(AIC)[89] method, Gap Statistics methf@D] and Affinity propagatia [91] methods were
used to predict the number of clusters (k). For AIC and BIC calculatiore#s clustering

euclidean distance was considered.

(4)Clustering approaches with forediction

Based on the K prediction results we have selected optimum K values for cludtégihgve
used kmeans clustering fothe hard clustering approacf.o test fuzzy (sft) clustering,
Fanny clusteringand Gmeans were usedll clustering analysis as performed with R

clustering libraries.
5.1.2.3. Gene expression association rules

For the gene expression datee have tried to create bins for high expression and low
expressionHowever, normal values of genes could not find for many genes in the dataset.

Therefore we have terminated the association rule analysis for gene expression data.
5.1.2.4. Geneexpression network analysis

Gene expression netwodeneration had performed using commity detection algorithms.
The human interactome (taxonomy id 9606) downloaded fr@ientha databas€(1806-
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25) [62] was used for extracting gene expression networks. We have extracted the genes
(coefficient covariance > 50%) from gene expression datasets individually for each project
and mappedhem with the human interactome for network building. Proteins from four
datasets and union of all datasets, intersection of all data sets and unique proteins from each
dataset were used for network buildinbhere were 10 main networks for community
detection. Befag performing gene cluster identification we have calculated the basic statistics

of each network. Based on the results we have selected the four full gene expression datasets

(genes filtered based on coefficient covariance: 50%).

(1))MCODE algorithm networks

We have usethe MCODE [26] algorithm to search protein clusters (molecular complexes) in
the PPIgene expressionetworls. The parameter setting for the analysis\izeegree cutoff:

2, Loops included, Haircut, no Fluff, anddére: 2, Max depth: 100 and Node Score cutoff:
0.2.We have filtered out protein networks which hawveMCODE scoreof less than 10We

have investigated each network biological impact by usieature evidence.

(2)ClusterOne algorithm networks

ClusterOne algorithm is used to detect overlapping regions:vAlue of less than 0.05 is
considered high confident networks ane/dtue between 0.1 and 0.05 are considered as
moderate confident networkg/e have omitted networks which have notlest count less
than five. Gene expression values were incorporated into the netBaded on biological

evidence we have validated the networks generatedtfre@lusterOne method.

(3)M-cligues algorithm networks

To detect cliques (complete graphs® have usethe M-clique algorithm.Networks which
have more than five nodes are taken into consideraf#enhave studied the main complete

graphs with literature evidence.

(4)Other algorithms

We have considered othermgeranking and network analysis methods such as Page ranking
and MCL algorithimfor gene cluster identification

5.1.2.5. Gene expression critical gene identification

We have mergedetworkresults fromthe MCODE algorithm and ClusterOne algoritim
each gene expssion dataseBased on genes extracted from the network we have filtered the

gene expression datasetd/e have usedhe Non-negative matrix factorizatiofNMF or
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NNMF) methodto identify critical genes which involve in the styping of cancers.We
haveperformedan NMF rank survey (rank 2 to 10) for each datasepli&neticorrelation
coefficient plot, dispersion plot and silhouette platere used to obtain the optimum rank
value. The maximum value of all plots &as considered as the best rank for thengye
expression data analysBased on the optimum value we have created the-getas (set of
genes positively and negatively correlate with the-dubters) for each gene expression
dataset. We have sorted each geine mmeta genes based on the corielatvalue. We have
extracted each megene 1st three correlated (positive) and-aotrelated (negative) genes

as critical genes for each magane.We have created the heatmaps based on critical genes in
each gene expression dataset. We have studiduiaflogical background of each critical gene

and its' relation to cancers.

We have plotted the silhouette score for patient clustering based on the NMF results. We have
validated research results based on how well each-geei can represent patient chust
Finally, we have applied hub genes (critical genes) identification methods based on their
betweenness and clustering coefficient sorting. These results were validated and it will be

explained in the results and discussion chapter.
5.1.2.6. Gene expression sigature creation

Based on the results fromhe above methods we have created four gene signatures (one
signature for each gene expression dataBei}h signature Isea set of genes which can be
used to analyze cancer pathways of each cancer and alsal @iices can be used to
understandhe subtypes of each canceFurthermore, we have created a signaturetter

union of all signaturé/Ve have calculated the basic statistics of each signature.
5.1.3.Gene expression da validation

5.1.3.1. Gene expression data clusieg validation

Clustering nternal validation[92] was performed based onill®uette measurement.
Clustering coefficient and stability measurements were considered for cluster validation.
Thesesteps performed for the dataset and ClusterR, clValid, cluster, pvclust, apcluster,
factoextra, NbClust, clusGap, e1071, and clues R gmesk were usedVe have analyzed
genes clusters with the biological pathway&eatome database and Gene enrichment

analysis were used for the analysis.
5.1.3.2. Gene expression data association rules validation
No association rule was creat@therefore validatiomvas no required.
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5.1.3.3. Gene expression data network results validation

Network analysis and clustering validation process were performed with literature evidence
derived for humarReactomepathways. IntAct,Mentha database literature eviderered
COSMIC databaswere usedto validate the networksf biological relatednes3Ne have
studied the disease relation of each signature by using Opefaatgdatform.

Finally, we have performedtatistical validation for signatures. We have compared co
efficient covariance >50% gene filtered datasets and signature gene filtered dAtadese
calculated the silhouette seofor gene clustering and patient clustering for both dataset
each gene expression cancer tye have used heatmaps for visualized the gene signature

results.

5.1.1.Gene expression data visualization

5.1.1.1. Heatmap visualization

The results generated from eaaalysis process visualized as heatmafs. have used R

plotting libraries for graphs generation.
5.1.1.2. Network visualization

We have created network structure for each gene expression signature. Node size was based
on the degree of the particular noti¢e haveused R libraries and PHP language for network

visualization
5.2 Results and discussion in Gene expression data analysis

We have used gene expression data for signature creation. The following section consisted of
the results generated from gene expressiata. It has four main sections. Initially, data
filtration results will be explained. Data analysis methods and validation will be the second

and third steps. Finally, gene expression data visualization will be discussed.
5.2.1.Gene expressiomata preprocessng

Gene expression data is different from mutation data. In contrast to mutation data, gene
expression data is a nominal value per gene. In the dataset, each patient has a gene expressiol
value for each gene. If the gene expression value variationes tato consideration in gene
expression analysis. Gene expression sequencing data generated from different platforms such
as microarray and RNA sequencing. We have used RNA sequencing data for the analysis.

Therefore, datasets do not contain the normlalegof the gene expression data.
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We have considered four datasets from human nervous system cancers. Datasets are generatec
from four different cancer sutypes. We cannot use RNA gene expression data to compare a
normal person with a cancer patient. yheave sequenced different genes and different
patient cohorts. In gene expression data analysis we are trying to understand the gene
combination which will sulglivide the human nervous system cancer-tgpbs. We have
downloaded the data from cBjportal (2018). The following tabl¢Table 17)shows the data

taken for the gene expression analysis.

Table 17 Data for the gene expression analysis

Cancer type Project Name Gene Patients
Neuroblastoma (NBL) nbl_target 2018 pub 56,257 | 372
Pheochromocytoma/paraganglioma (PCPG) | pcpg_tcga 20,987 | 184
Brain Lower Grade Glioma (LGG) lgg_tcga_pan_can_atlas 2018 19,345 | 510
Glioblastoma Multiforme (GBM) gbm_tcga 56,257 | 290

5.2.1.1. Gene expression data normalization

Since data generated from diffeteplatforms, we have performed data purification steps for
each dataset separately. Firstly, we have removed all null values from the datasets. Secondly,
we have removed genes that have zero gene expression for patients more than 90%. They
were not of god quality. We have eliminated duplicate gene entries. Finally, we have
normalized (zscore) data based @ene expression for each gelmeNMF analysis negative

values could not proceed. Therefore, we have to scale theatigia froml to O in the NMF

aralysis.
5.2.1.2. Gene filtration in gene expression data

However, the gene expression data were sparse. There was noise from genes that are not
affecting tumour progression. Before the analysis of gene combinations, we have
implemented a method to remove the naistihe datasets individually.

There are genes which will perform tisssgecific tasks. They are varied based on the tissue
type of the human nervous system. Furthermore, a gene is expressed based -ff its on
regulation which triggers by cell requirents. Tissuespecific and timespecific effects need

to be excluded from the analysis. There are genes involved in basic tasks in cells called
housekeeping genes. Above mentioned three types of noisedieediminate from the gene
expression datasets.

We have considered the coefficient of covariance for removing noise gene if@pddiany

gene expression data researcleduseveral statistical methods such as mean, variance,

coefficient covariance, and standard deviation of the gene based on the research objective. If
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the covariance of the coefficient is low, it indicates that a particular gene is not involved in the
cance subtype. We had eliminated the noise gene effect by filtering genes which have more
coefficient of covariance than 50%. The following grajpthgure 42)shows the different
covariance measures and filtered genes. According to the graph, 0.5 (50%) cevafidre
coefficient is having the elbow where it eliminates housekeeping genes and also not losing
important genes that are not highly varied among patients. In gene expression data, both
overexpression and undexpression compared to tm®rmal are damaging the biological

function. Therefore, we have considered coefficient covariance for both cases.

Genes vs Coefficient Covariance
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—=—PCPG| 15592 4191 2951 1929 1220 799 535

Figure 42 Gene vs Coefficient of Covariance
Elbow was detected at the level of 0.5 coefficient covariance (Used the value for $ekeeping gene noise
removal). Genes related to cancer subtyping were filtered for the clustering

5.2.2.Gene expression data analysis

5.2.2.1. Pilot study:Experiment for clustering suitability

Gene expression data analysis was critical since we do not know the grotmadftthe
dataset we have used. Clustering can be used for patients and also genes in the dataset. Oul
study is focusing on gene clusters. We have performed the following experiment to test to
parameters.

1 To check which algorithms can be used for gergression data

1 To check whether gene filtration based on the biological background will improve the

results

GBM is the only gene expression dataset we have the biological patient classification before

the analysis. Based on the GBM results, we have corttltlae effectiveness of the other
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gene expression data clustering. GBM data consisted of the biological classification of
patients. There were four biological clusters for patifijts

To answer the first question, we have used several clustering algorithms to cluster the GBM
patients. The hard clustering, hierarchical clustering and soft clustering approaches were used
for the analysis. We have calculated internal, stability and external validation measurement
for the GBM patient clustering. The following tab{€éable 18)shows the results ahe
validation resultsof each clustering approactWe have taken the K value s since
biologically patients were classified into four groups.

Furthermore, to answer the second question, we have compared the measurements based or
two cases. Initially, we used the full geneset for the clustering. In the second scenario, we
have filteed the genes based on the-jkentified cancer genes (COSMIC genes). According

to the results we understood thentéans clustering is more appropriate for the clustering
from all the measures. Soft clustering is also performing well for gene expresgean d
However, data validation is not possible since each observation will group into different
clusters with different proportions.

On the other hand, other than hard clustering methods, all algorithms improve their
performance with gene filtration. Thie@ws that gene filtration based on biological reasoning

will improve the clustering results.

NMF is performing effectively with biological data clusterifg#]. We have used the NMF
method to identifyclusters. However, it could not generate results due to time limitation.
However, we have integrated the NMF method for critical genes finding in signatures in gene
expression data. With the pilot study, we have concluded hard clustering will be more
promising in gene expression clustering and gene filtration based on biological reasoning will
improve clustering results.

However, there are no predetermined clusters in the GBM genes in the dataset we have used

for the above analysis. Therefore, we had tetltg a method for gene clustering validation.
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Table 18 GBM patient clustering validation’

GBM cancer full dataset

GBM cancer-related gene filtered dataset

Hard H/IC Soft Hard H/C Soft
Measures AP K-m PAM HC | FC | Cm ™ AP K-m PAM HC FC Cm ™
Rand 0.790 0.890 0.820 Clusters could noj 0.67 0.70 0.830 0.70 0.660 0.7%0 0.680 0.750
HA 040|071 |05® | Mmach with biological g 5ey 0420 |050 | 0.4D 0.270 040 | 0.30 0.400
classification
MA 0.480 0.70 0.540 0.2 0.4 0.5 0.4 0.2 0.4%0 0.380 0.410
EM 0.610 0.790 0.6%0 0.500 0.570 0.69 0.570 0.520 0.630 0.610 0.58
Jaccard 0.440 0.6%0 0.480 0.3 0.4 0.510 0.400 0.3400 0.4%0 0.410 0.4
Purity 0.730 0.880 0.790 0.690 0.710 0.800 0.710 0.810 0.770 0.870 0.690
Entropy 0.4 0.280 0.37M 0.880 0.490 0.390 0.490 0.680 0.6 1.390 0.580
Normalized 0.590 0.730 0.610 0.340 0.490 0.600 0.490 0.380 0.440 0.380 0.420
mutual
information
Variation of 1.58 1.00 1.520 2.2 1.980 1.540 1.980 2.090 1.9 1.8 2.18
information
Specificity 0.880 0.920 0.8 0.830 0.840 0.890 0.840 0.8%0 0.900 0.910 0.860
Sensitivity 0.610 0.810 0.680 0.410 0.5 0.67 0.5 0.410 0.5 0.440 0.5
Precision 0.610 0.770 0.640 0.600 0.570 0.69 0.570 0.670 0.770 0.840 0.630
Recall 0.610 0.810 0.680 0.410 0.5 0.67 0.5 0.410 0.5 0.440 0.5
E-measure 0.610 0.790 0.6%0 0.490 0.5 0.690 0.5 0.510 0.6 0.58 0.580

" AP: Affinity propagation
K-m: K-meanglustering
PAM: PAM clustering

HC: Hierarchicalclustering

FC: Fanny clustering
C-m: C-means clustering
TM: Topic modelling
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5.2.2.2. Gene clustering

Gene expression data clustering is used to cluster the genes and patients andhdndersta
subgroups in the datasets. Even though we have performed the data preprocessing, there were
a large set of genes in each dataset. Genes are the attributes that help to cluster cancer
patients. We have performed basic analysis and applied dimensiotioedechniques to
understand the data. The following sections will explain the results of gene clustering and

dimension reduction methods we have used for the gene expression data analysis.

(1)Dimension reduction methods

We have used principal component gsa. It is adimensionalityreduction method that is

often used to reduce the dimensionality of large data sets, by transforming a large set of
variables into a smaller one that still contains most of the information in the largenset.
Principal Compoant Analysis could not be performed since gene size is more than the

observation count.
a) t-Distributed Stochastic Neighbor Embedding®NE) algorithm

The t-distributed stochastic neighlmoembedding ¢SNE) algorithmis a machine learning
algorithm fora visualization based on Stochastic Neighbor Embed{®af However, we

could not identify clear clusters in genes other than the LGG dataset. Even though LGG genes
are separated into two clusters they do not contain any biological meaning. The following
graph showsgFigure 43)he four dataset results for th€NE algorithm.

GBM LGG

10

Risne$Y(2]
Rtsne$Y(.2]

N T O Y 1 1

RtsneSY[,1] Rtsne$Y[,1]

NBL PCPG

Rtsne$Y([2)

RtsneSY[,1]

RtsneSY[,1]

Figure 43t-SNE results for gene expression datasets
No clusters were detecteth GBM, NBL and PCPC. LGG has two clusters butcould not interpret the
clusters biologically
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(2)Clustering approaches without Kprediction

a) DBSCAN clusering

DBSCAN is an unsupervised machine learning algorithm that can be used with noisy data.
Even though we have eliminated the noise from coefficient covariance filtering we used this
algorithm to understand the gene expression data. This algorithm aloesquire any prior
knowledge abouthe dataset. The following figur@Figure 44)shows the output of the
DBSCAN algorithm for four gene expression datasets. GBM and PCPG datasets do not
generate clusters from DBSCAN. However, LGG showed four clusteeyy @b not have

biological reasoning.

e OBM Bl GG

Dim? (8.7%) Dim1 (21.1%)

Ghisstar plot NBL Cluster plot PCPG

A o P

im1 (11.8%)

Figure 44 DBSCAN results for gene expression data
There were no clear clusters in four dataset®o biologically interpretable clusters were detected

b) Hierarchical clustering

Hierarchical alistering is a basic and common clustering method in the biological domain. It
does not require prior knowledge about the dataset and it has been used in several applications
in bioinformatics such as phylogenetics and gene expression analysis. Clusteategieam
hierarchical clustering represents the interrelationship between each object. We have
generated clusters for gene expression data via using euclidian distance. The following
clustering resultgFigure 45)show the four dataset clustering outpu®BM has four main
clusters, however, these gene clusters are not biologically interpretable. LGG and NBL both
gene expression data cluster genesets for two main clusters. PCPG has three clusters at a
higher level. However, these clusters are fully basedjene expression values. Therefore

they do not represent the biological insight of the dataset.
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Figure 45 Gene cluster results with hierarchical clustering
GBM has main four clusters and LGG, NBL and PCPG datasets divided intbwo main clusters.Gene
clusters do not have significant biological functions

(3)K-prediction for clustering

We have tried to cluster the data with hard clustering approathdsard clustering, one
observation will come under one cluster or group. Moredvard clustering approaches such

as Kmeans need prior knowledge about the dataset. It requires the number of clusters in the
dataset before performing the analysis. Therefore, we have used several "number of clusters”
(K) prediction techniques to obtaihe results.

We have used euclidian distance to calculate the K value from the following techniques. We
have used several widely used measures for predicting K values such as the Elbow method
and Silhouette method.

a) Elbow method

In cluster analysis, thelmw method is a heuristic used in determining the number of clusters

in a data set. The method consists of plotting the explained variation as a function of the
number of clusters and picking the elbow of the curve as the number of clusters Taause.
following graph(Figure 46)shows the K values predicted by the Elbow method.

According to the results, there are no significance elbows represented in the datasets other
than in the PCPG dataset. However, the Elbow method is not performing well in most gene

expression datasets.
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Figure 46 EIbow method K- prediction results
Elbow was detected in K=2n GBM, LGG and PCPC. NBL elbow is not significantly shown.

b) AIC method

Akaike Information Criterion(AIC) is a single number score thancbe used to determine
which of multiple models is most likely to be the best model for a given dataset. It estimates
models relatively, meaning that AIC scores are only useful in comparison with other AIC
scores for the same da& A lower AIC would beideal for the analysis. The following graph
(Figure 47)shows the results received from the AIC calculation.

According to the results, AIC valuewe getting lower with the number of clusters (K).
However, there is a sharp slope in each dataset in chustée have limited the number of K

to 10 since a higher number of K would be less interpretable. We have recalculated with the
maximum K value adjusted for 100. Howevdrerewas no minimum AIC value for gene
expression datasets. Due to the above reagsemave considered K= 10 for the analysis.

However, it is not the correct value.
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Figure 47 AIC method results
Optimum clusters were identified with the elbow valus. All datasets K =2 and 10.

c) BIC method

Similar to the AIC methd Bayesian information criterion (BIC) or Schwarz information
criterionis a criterion for model selection among a finite set of models; the model with the
lowest BIC is preferred. It is based, in part, on the likelihood functimwever, BIC also
unableto produce optimum K value since it does not produce the minimum value for each
gene expression dataset. Following graph stiegure 48)the results obtained from the BIC

method for each dataset.
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Figure 48 BIC method for K value prediction
Optimum K values were identified based on elbow valudn NBI no significant elbow is shown.
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d) Gap statistic method

The gap statistic measures the deviation of the observed Wk value from its expected value
under the null hypothesis. The iesate of the optimal clusters fkwill be the value that
maximizes Gam(k) Gap n (k) This means that the clustering structure is far away from the
uniform distribution of pointsHowever, the Gap statistic method res(figure 49)for gene
expression data we inconclusive. LGG, NBL and PCPG predicted the maximum value for
the K. For the GBM dataset, it was predicted as K=2. K prediction for gene expression data

was inconclusive since it contains noise from tisgpecific gene expression.
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Figure 49 Gap statigic method results for gene expression data
Optimum value for K in all four dataset is 2. Euclidian distance is used for the calculation.

e) Silhouette method

Silhouette analysis can be used to study the separation distancerbitevessulting clusters.

The silhouette plot displays a measure of how close each point in one cluster is to points in
the neighbaring clusters and thus provides a way to assess parametesgVgelclusters
visually. The followingfigure (Figure 50)show the K prediction values from tislhouette
method. For the GBM datas&ilhouette method predicted 10 clusters. LGG and PCPG

datasets K predicted as 2. Furthermore, for NBL k is equal to 4.

84



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches

GBM LGG

Optimal number of clusters Optimal number of clusters

o
=)
o

0.15

o
=3
=

0.10

o
=3
@

o
o
o

0.05

Average silhouette width
Average silhouette width

o
2

0004 ¢

12345678 9101112131415
Number of clusters k

o
o
S

12345678 9101112131415
Number of clusters k

NBL PCPG

Optimal number of clusters Optimal numberoficlusters

0.100

o
[

=3
=)
S
o

=)
=3
5]
=]
<]
o

o
o
]
o
=]
o
>

Average silhouette width
Average silhouette width

e

0.000 ¢

1234567 89101112131415 1 23 4 56 78 910 1112131415
Number of clusters k Number of clusters k

=]
o
S

Figure 50 Silhouette method geneexpression results
K is optimized in value 2 for LGG and PCPG, 4 for NBL and 10 for GBM.

The folowing table (Table 19)shows the summargf the K prediction output. We have
considered all the techniques to derive the optimum number of K value foda@aset. We
have generated clusters from thert€ans algorithm based on two values from each dataset.
However, the Kprediction techniques were not performing well compared t&Sthwuette
method.

Table 19 Predict K value for K-means clustering

Method\ No. of the cluster for projects GBM LGG NBL PCPG
Elbow method 2 2 2 2

Akaike information criterion (AIC) 10 10 10 10
Bayesian information criteriorfBIC) 10 10 10 10

Gap statistic method 2 10 10 10
Silhouette method 10 2 4 2
Selected K value 2 and 10 2 and 10 4 and 10 2 and 10

(4)Clustering approaches with ¥orediction

a) K-means

K-means is a centroidased algorithm, or a distanrbased algorithm, where we calculate the

distances to assign a point to a cluster. {NM&ans, each cluster is associated with a centroid.

The following figure (Figure 51)shows the clustering results obtained from each gene

expression dataset for K values. Even though we received clusters for gene expression data,

there were three main problsrto address. The first issues were the gene clusters we received

from K-means could not be explained with biological reasoning. Secondly, all the clustering
85



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches

coefficients were less than 50%. It explains that the gene clustering was not effective. The
final issue is some genes may have different functions, however, hard clustering will allocate
one observation into one cluster. Therefore, it is unreasonable to use hard clustering methods
for gene clustering. However, we have used the hard clustering méhealglate the results

we gained from future analysis.
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Figure 51 Kmean results for clustering
Biologically related gene clusters were not detectdd all four datasets.

b) Soft clustering

In contrast to hard clustering, soft dieisng methods return probabilities of membership for
each observation in each cluster. Each sample (observation) will conttduliéferent
clusters in different proportions. Fuzzymeans (FCM) and Fanny clustering methods are
examplesof Soft clustenng methods. Topic modelling] also soft clustering methods which
heavily used in text mininfP6]. We have used these Soft clustering methods sirsoegle

gene may have functions in differebiblogical pathways ana particular function needs
several genes in different level of priority.

Clustering is assigning observations into clusters by minimizing the differences between
samples irthe same cluster. Furthermore, samplest belong to diferent clusters should be
dissimilar as possible. Different clustering methods may be chosen based on the data or the
application[91]. We have used @heans clustering for the analysis. The followiigure
(Figure 52)shows the results we received fromn@ans clustering. In GBM first two
components explain 25% of the data. In LGG, NBL and PCPGanbstdémponents explain
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data 48.43%, 31.85 and 41.86% respectively. The gene clusters we received solved the third
issue we faced with fneans clustering. We can understand the gene involvement in different
clusters in different propositions. However, thengelusters we received are from different

pathways biologically. Thus we could not interpret the results.
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Figure 52 Cmenas cluster results
Nearly 50% data loss in two dimension for all datasets. With 50% data no clear clustes are visible.

We have clustering results with external and internal parameters. Only GBM has biological
cluster tags before the analysis. Therefore we used the GBM dataset for evaluating the

clustering results. We will explain the results in the follogvsections.
5.2.2.3. Gene expression association rules

In gene expression data analysis we could not perform an association rule identification
technigue as we used in mutation analysis. Gene expression data values could not be
categorized into bins. Since we dotrave the normal value for the particular gene we are
unable to classify gene expression value as-expressed or und@&xpressed. Due to the
above reason, we have eliminated the association rules from the gene expression data
analysis.
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5.2.2.4. Gene expressn Network Analysis

Similar to the mutation analysis we have tried to cluster genes based on network analysis. We
have used four gene expression datasets genes separately to generated networks. Each gen
expression geneset mapped with the Human Interacemahdiltered the network for further
analysis. 1st neighbour of each gene in the dataset set was not considered as we have done in
the mutation network analysis. Gene expression data have gathered by sequencing all genes in
these projects. We have filterggene expression data based on their gene expression level
variation. If a particular gene changes its behaviour due to a neighbour alteration affect it
should be depicted from its gene expression level. Based on the above assumption we have
only consideed the highly varied genes we received from gene filtration.

Subsequently, we have merged all networks and generate the union of all gene expression
networks. Similarly, we have obtained the intersection of all networks. Moreover, we have
identified gene etworks which are unigue to each gene expression genesets. The following
table (Table 20)shows the basic statistics of each network we have generated in gene

expression analysis

Table 20 Gene expression network statistics

Network compo | Cluste| Num | No of | Avg. no | Isolated | Network | Network | Network
nents | ring ber of | Edges | of nodes | heteroge | centrality | density

coeffi | nodes neighbou neity

cient r nodes
Lgg_full 394 0.117 | 5505 | 65372 | 23.79 391 1.804 0.147 0.004
Pcpg_full 341 0.124 | 3924 | 40415 | 20599 337 1.796 0.176 0.005
Gbm_full 480 0.013 | 734 823 0.880 446 2.149 0.028 0.045
Nbl_full 817 0.041 | 2505 | 3755 2.998 799 1.968 0.045 0.001
Union_all 1229 0.094 | 8738 | 86143 | 19.177 1208 2.119 0.107 0.002
Interseact_all | 25 NA 25 0 NA 25 NA 0.0 NA
Unique_lgy 466 0.086 | 2272 | 8538 7.516 461 1.731 0.085 0.003
Unique_pcpg | 296 0.070 | 1081 | 2141 3.963 290 1.568 0.070 0.004
Unique_gbm | 256 0.000 | 309 54 0.3 239 2.303 0.018 0.001
Unique_nbl 742 0.033 | 1516 | 1262 1.665 719 1.990 0.027 0,001

According to the resultshe LGG and PCPG full gene networks have high neighbours on
average compared to GBM and NBL. This indicates that GBM and NBL are less clustered
compared to PCPG and LGG in the biological context. Furthermore, there are isolated nodes
in every network. Thexfore, there are genes which do not interact with other genes. This is
not put in the picture these genes only interact with any other gene in reality. These genes

may not be studied well in research thus it has less publication related to proteiniamgract
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On the other hand, their 1st neighbours are not affected by the gene expression varied from
the particular gene expression variance. However, a network will give more insight if it has
less isolated neighbours and a high clustering coefficient.

There are only 25 isolated nodes in the Gene intersection network. Therefore we have
eliminated the network from further analysis. Furthermore more there were less connected
components in the unique networks. There are 5, 6, 17 and 23 connextpdnentdor

LGG, PCPG, GBM and NBL unique networks respectively. From the genes, we filtered from
the interactome, 1811, 791, 70 and 797 genes were involved in gene clusters in LGG, PCPG,
GBM and NBL unique networks. In the research, we are focusing to compare arabtcont
genes inside a particular cancer type but not between cancer types. Therefore, with the above
statistics and reason, we concluded to eliminate the unique gene networks from further
analysis. However, a unique gene expression network can be useelmpdgene signatures

to compare cancer types. However, cancer types such as GBM will need more data to
generate results for the uniqgue gene combinations. We have used four full gene expression

networks to understand the protein highly connected regions.

(1))MCODE network results

Similar to the mutation MCODE network analysis, we have tuned MCODE parameters for the
gene expression full networks. We have received 3, 40, 18 and 40 MCODE networks from
GBM, LGG, NBL and PCPG full networkslowever, we have eliminadl small PPIs (nodes

less than 4) and score (Density*Nodes) less than 10.00 clusters. Since four gene combinations
are providing less information related to the whole network we have ignored them for
signature generation. Since we were considering the letengraphs separately in the later
section, we eliminate the less scored and fewer node networks. Furthermore, according to the
literature based on the biological objective score threshold can be adjusted and the higher the
score the network will be sigimsan{80]. Based on the above benchmarks following networks

(Table 21)were extracted. There are no overlapping proteins between clusters.
Table 21 MCODE filtered results

MCODE clusters Nodes Edges Score
Lgg_full_M1 44 893 41.535
Lgg_full_M2 26 185 14.800
Lgg_full_M3 24 125 10.80
Lgg_full_M4 36 182 10.400
Pcpg_full_M1 43 800 38.095
Pcpg_full_M2 24 118 10.261
Gbm_full_M NA

Nbl_full_M NA
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The above tabléTable 21)shows the filtered clusters used for further analysis. There were
four LGG MCODE protein clusters and two PCPG protein clusters. However, there were no
GBM and NBL protein clusters that will fulfihe filtering criteria.

The following figure (Figure 53show the visual representationtbé Lgg_full_M1 cluster.It
has41.535scores from the MCODE algorithm. It has 44 proteins and 893 interactions.
consisted of the RPS gene family and camelated genes such as the NCL gene. RSP is a

ribosomal gene family which also$w@vidence that they have an association for cancers.

RFL7A = RPLPO

Figure 53LGG_full_M01
Ribosomal gene family is detectednd NCL oncogene is included in the proteimetwork

(2)ClusterONE algorithm results

ClusterONE algorithm also used to identify protein communities in each gene expression
dataset. We have obtained 16, 403, 98 and 304 protein networks from GBM, LGG, NBL and
PCPG full networks. We have to filter thetwerks to receive the relevant networks.
According to the literature-Ralue, less than 0.05 is considered as significant networks. P
value between 0.05 and 0.1 networks are moderately significant clustersvahe Pigher

than 0.1 clusters are not sifjoant [82]. There were 15 significant and moderately significant
clusters in the ClusterOne results. The following tgbleble 22)shows the qualityiltered
proteinprotein inteéaction networks results obtained from gene expression datasets. We
captured two networks from GBM and five from NBL gene expression data. Furthermore,
PCPG has one network and LGG does not have any network which fulfils the criteria. LGG

PPI networks havhigher pvalues. PCPG network is having a PPI network with 67 proteins
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which is a larger network compared to other networks identified from the ClusterONE

analysis.
Table 22 ClusterONE results for gene expression data
Network No. of _ Intgrnal _
Netowk ID Nodes Density | weight External weight P-value
Gbm_ ful CO_Gbm_full_01 8 0.610 17 21 0.076
CO_Gbm_full_02 5 0.600 6 7 0.114
Lgg_full CO_Lgg_full NA
Pcpg_full | co _Pcpg_full_01 67 0.600 1335 2642 0.043
CO_Nbl full_01 5 0.600 6 1 0.004
CO_Nbl_full_02 8 0.640 18 9 0.007
NbI_full CO_Nbl_full 03 5 0.600 6 0.041
CO_Nbl_full_04 5 0.600 6 0.064
CO_Nbl_full_05 5 0.600 5 0.081

The fllowing figure (Figure 54)shows the visual representation tife PCPG gene
expression dataset ClusterONE netwoBased on the ClusterOne network results PCPG is
having a biological network, which is similar to tb&G_full_M01 network (MCODE LGG
network). ClusterOne algorithm is similar to the MCODE algorithm as they both weighting
the nodes based on the density. However, MCODE can find more clustered network regions
as it can be tuned witbutoff and fluff values. One the other hand ClusterOne can rank the
genes based on their significance in the network. Since we are trying ¢ostamdi the

common signatures in the gesets we have used both algorithms to predict the networks.

Figure 54 CO_Pcpg_full_01 network visualization
Ribosomal gene family and oncogenis identified as significant gene cluster.

(3)M-cligue algorithm results

We have extracted complete graphs for gene expression full networks separately. We have

used the Mclique algorithm to find the complete graphs from the gene$éts.following

graph shows the distribution of the complete grispgiene expression genesets. According to

the graph, three gene combinations are significantly high. However, their combinations are
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not considered as signatures since the gene count is not sufficient to interpret the results.
Furthermore, in future workthese cliques need to be further investigated for information
mining. We have eliminated protein complexes that have nodes less than five (Genes>=5).
The following figure (Figure 55)shows each geneset complete graphs counts. There are no

protein cliquesn GBM more than three gene combinations.
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Figure 55 Complete graphs distribution
In gene expression datasettriplet protein complexes were the highest frequent PPISPCPG dataset have
370 protein complexes for triplet proteinnetworks.

The following table(Table 23)shows the complete graphs identified and filtered complete
graphs. According to the results, we have identified, there are no complete -protein
interaction graphs for the GBM network. There are completphgrérom LGG, NBL and

PCPG gene expression networks. These complete graphs may not be involved in cancer
progression however, they will be altered based on cancer type. These complete graphs need

to be further investigated with the cancer relatedness.

Table 23 M-cligue complete graphs from gene expression data

Networks No. of M-cliques Filtered No. of Mcliques
Gbm_full 14 Null

Lgg_full 2954 354

Nbl_full 112 4

Pcpg_full 460 26

The following figure (Figure 56)shows thecomplete graph identified from the NBL gene
expression network. The following network has the PTPN6 gene. The PTPNG6 gene is a well
known cancerelated gene and used as a biomarker in colorectal cd8¢grsiowever, there

is no publication related to HNS cancers. Moreovercancers of neimmune cells, SYK

provides a presurvival signal, but can also suppress tumorigenesis by resiriepithelial
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mesenchymal transition, enhancing alll interactions and inhibiting migratidi®8]. The
gene SYK involved in tumours in two methods. It controls the meesgemwhich will be

suppressing cancer spread for the secondary site.

s

Figure 56 NBL M -clique
Five genes are in the protein compleX@TPN6 oncogene was detected

Due to the time limitation, we have not studied complete graphsogstr from gene

expression data individually. However, we have integrated them into the visualization panel.

(4)Other methodologies for PPI network identification

Markov Cluster Algorithm(MCL) could not generate the biologically interpretable results as
dueto time complexity Moreover, it uses hard clustering and leading to significant amount of
protein overlap of biological functional modules.

PageRank (PR) is an algorithoould not generate results due to indexing errors in protein
weight allocationProten interacts itself and isoform effect could not handle by Page ranking
algorithm. Therefore biological networks could not be analyzed by the algorithm.

Fast Agglomerate AlgorithnfFAG-EC) algorithmsmerge observations before it reaches to
optimum level ofdegree in the network. Best Hub genes could not be extracted due to above
reason.Future work needs to be done to evaluate network analysis algorithm performance

with cancer interactome.
5.2.2.5. Hub genes and critical genes identification

We have merged each dsgh PPI networks identified from MOCDE and ClusterONE. We
have eliminated complete graphs since they are already identified from the above algorithms.
Since gene expression variations are complicated we have extracted critical genes in each
gene signatureThese genes are playing a significant role in cancettyqds classification

and they are involved in drug resistance. These genes will give a hint about cargygesub

and behavioural pattern for target therapies of a new patient who will be teskethevit
suggested gene panel. To identify critical genes in each gene signatures, we have used the
Non-negative matrix factorizatiofNMF or NNMF) method. NMF method is considered a
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powerful algorithm for gene expression class discovery in caf¢8sNMF algorithmis a
dimension reduction technique that introduces rgetaes based on gene expression patterns
of gene set in the data mafd8]. With the NMF method, we have identified meggenes
which can be used to classify patients based on expression variations. It hedgugitp sub
types of the cancers and therapeutic targets.

(1)GBM metagenes identification

In metagenes identification, we have considered three statistics to determine the number of
metagenes. Gpheneticcorrelation coefficienplot, dispersion plot andgilhouette plotwere

graphed and the maximum value of all plots was considered as the best rank for the gene
expression data analysis. However, we have eliminated the rank two value since we have to

focus on identifying a maximum number of clusters whilsuging the quality of the clusters.

NMF rank survey
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Figure 57 GBM NMF rank survey results
Optimum value was detected based otophenetic, dispersion and silhouette (consensus) plots. Rank 5 is
selected. GBM has five metagenes according to redts.

The abovdigure (Figure 57)shows the NMF rank statistics. Based on the above results we
have selected rank (number of mgtnes) 5. Therefore we have used the GBM rank 5-meta
genes to identify GBM signature critical genes. We have extractednestelyene 1st three
correlated (positive) and artorrelated (negative) genes. Since the GBM signature has 12
genes all genes are included in the list. However, individual gene contributes differently to

each metayene.
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Positive Negative
Meta-genes| Genes | Correlation | Genes | Correlation
MDM4 | 0.734519 | EPHA3 | -0.2242
MDM2 | 0.672678 |CDKN2A| -0.15683
”l | o MG 1 TP63 | 0.478666 | DLX5 | -0.12083
I :*Z’D EPHA3 | 0.838935 |CDKN2A| -0.27587
;DX'CB CDS1 | 0.440722 | MDM2 | -0.22081
- MG 2 TP63 | 0.380535 | SFN -0.15577
o HOXC8 | 0.795072 |CDKN2A| -0.40212
o8y DLX2 | 0.589305 | SFN -0.21324
P63 MG 3 DLX5 | 0.475857 | EPHA3 | -0.05452
s SFN | 0.882201 | DLX2 | -0.22141
usiz MSX2 | 0.704672 | EPHA3 | -0.16849
el MG4 | MEOX1 | 0.285587 | MDM4 | -0.15539
oK CDKN2A | 0.929531 | HOXC8 | -0.37126
DLX5 | 0.398946 | TP63 -0.2834
MG5 DLX2 | 0.170383 | MEOX1 | -0.17525

Figure 58 GBM meta-genes
Correlation and anti-correlation gene contribution and the heatmap of gene expressioMDM4 TP63
genes were positively correlate with metgene one.

According to the result@igure 58) Metagene 1 have the highest positive correlatiath

the MDM4 gene and the highest negative correlation with the EPHA3 gene. The MDM4 gene
highly expressed in cancg@9] and it promotes cancer growjtt00]. By inhibiting MDMX-

p53 proteinproteininteractioncan be used as an effective tumour thefHpg]. However, in
Metagene 4, the MDM4 gene is having a negative correlation to the canceypsub
Therefore, it is important to analyze patient gene expression data and determine MDM4 gene
behaviour inGBM cancers. Even though these patients are from the same cancer type, based
on expression levels on the MDM4 gene, therapy will be different. Furthermore, the EPHA3
gene is involved in Metgene 1 negatively and positively in Metagene 2. Literature stgjge

the EPHA3 gene plays a significant role in tumour growth and target for drug reqisfdrice

We have included all genes (results from network analysis) in the suggested GBM gene panel.
Due to the abovdiological reasons, we are suggesting to focus on these significant gene
expressions positive and negative correlations when developing a therageaedure for

GBM patients.Based on rank five we have plotted the silhouette plot for the samples
(patierts). Based on the gragRigure 59) Metagene 2, 4 and 5 are performing effectively
compared to metgene 1 and 3. The average silhouette score is 0.21 and it got reduced due to
misclassified samples from megane 1 and 3. Based on the silhouette sauerpretation

[102] GBM data have a low underline sttue. Furthermore, it shows high ireaincer
heterogeneity between cancer subtypes. In gene expression data analysis average silhouette
score can be lower when the dissimilarities between patients grEORwiIt is important to
improve resuk in Metagene 1 and 3 by adding more GBM cancer gene expressiork-dhta.

gene list is available in Appendix 3.
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Figure 59 GBM silhouette score for metagene patient clustering
Average score is 0.21 (LowEluster 5 have higherscore (0.37) compared to other clusters. Cluster 1,2,3
and 4 have mismatch observations.

(2)LGG metagenes identification

We have used the NMF algorithm to identify mgtnes in the LGG data. The following
graph(Figure 60)shows the @pheneticorrelation oefficient statistics,dispersionstatistics

and silhouettescore for 2 to 10 ranks. Based on the results we have selected rank five as the
optimum number of clusters.
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Figure 60 LGG NMF rank survey results
Optimum value was deteted based on cophenetic, dispersion and silhouette (consensus) plots. Rank 5 is
selected LGG has five metagenes according to results.

Based on the rank 5 megignes we have extracted 1st three positively and negatively
correlated genes for each mgene. The followingigure (Figure 61)shows the genes that

should be focused on in the LGG gene signature to classify cancer subtypes.
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Positive Negative

Meta-genes Genes Correlation| Genes |Correlation
NOS2 0.858067 |HSP90AB1| -0.5887
ICAM1 0.806358 | PSMD3 | -0.50019
MG 1 VCAM1 0.770405 RPL6 -0.48712
RPS8 0.907606 | SIPA1L1 | -0.49125

T

RPL11 0.902049 | MAGI1 -0.40528

MG 2 RPS10 0.901865 |SH3PXD2A| -0.34175

NAP1L1 0.769948 NADK -0.58482
HDAC4 0.751084 | PSMD8 | -0.48865

MG3 NPM1 0.736924 | SIPALL1 | -0.43527
PSMA7 0.689933 | HDAC4 -0.45352
PTBP1 0.668335 NF1 -0.38565
MG 4 RALY 0.637039 | RPL15 -0.33679

GABARAPL1 | 0.921871 | PTBP1 -0.44946

MAST3 0.882799 | RPL18A | -0.42984
MG5 DDX24 0.762295 NOP2 -0.41557

Figure 61 LGG meta-gene correlationand anti-correlation contribution
Gene expression heatmajs plotted based on five metagenes. There are three gene clusters and four
patient clustersin LGG dataset. Ribosomal gene family is involved in the subluster identification.

In the LGG metagenes the ribosomal gene family is involved in megne land 2
positively. They negatively correlate with megane 4 and 2TBP1gene involved positively

in metagene 4 and negatively correlated with the nggae 5.PTBPXgene is positively
correlated with cancers and also poor prognd€i4]. Therefore subypes from metagene 5

may have a higher prognosis compared to thetyud from metegene 4HDAC4 gene is
overexpressed in Metgene 3 and negatively correlated with Mgene 4. @er-expression

of HDACA4 is a ley point in cancer growth in Glionja05]. Therefore, it is useful to analyze
gene expression variation in tAAC4 gene to classify cancer stype in LGG cancers.

Based on rank five we have plotted the silhouette plot for the samples (paféguise 62)
Cluster silhouette scores are positive in all clusters except@éeia 4 patient cluster. Meta
gene paents are clustered incorrectly. The average silhouette score is 0.2 and it got reduced
due to misclassified samples from mgene 4. Based on the silhouette score interpretation
[102] LGG data have a low underline structure. Similar to GBM, LGG cancers also have high
inter-cancer heterogeneity between carsiditypes. The average silhouette score is increased
to 0.33 if the metgene count is two. However, it will be unable to find insight into LGG

cancer sultypes.

97



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches

Silhouette plot of (x = as.numeric(groups_lgg), dist = dist(t(nmf_lgg))*2)

e wian s,

Figure 62 LGG silhouette score for metagene patient clustering

Average scords 0.2 (low). Many observations are missed the true clusters. Cluster 1 is having 0.38 score.

(3)NBL metagenes identification

We have used the NMF method to identify mgémes in the NBL data. The followitigiure
(Figure 63)shows the NMF rankusvey results for rank 2 to 10. Based on the results we have

selected rank three as the optimum number of clusters. Based on the rankg&mestave

have extracted 1st three positively and negatively correlated genes for eagfenseta
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Figure 63NBL NMF rank survey results
Three metagenes were selecteoased on cophenetic, dispersion and silhouette plots.
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The followingfigure (Figure 64shows the genes that should be focused on in the NBL gene

signature to classify cancerigypes.

Positive Negative

KCNAB1
I Meta-genes| Genes | Correlation | Genes | Correlation

L F
| | ‘ H w J‘H | | e TRPC5 | 0.814347 | NLGN1 | -0.49524
N " | H | h s KCNA2 | 0.477879 |KCNAB1| -0.38319
H} ’ ‘ | “ e MG1 [FAM19A1] 0.417325 | ITPR1 | -0.35704
Ll 1) |

‘ W H i NLGN1 | 0.796866 | TRPC5 | -0.57335
- I | ’ Hl ‘ II"“’C6 TRPC3 | 0.601098 | MX1 | -0.31457
E' I I’ ‘ ‘ ‘l | h s MG2 |KCNAB1| 0.498124 | NRXN3 | -0.23208
KCNA2
‘

! i ITPR1 0.741821 | TRPC5 -0.24741
t” Il “‘ Il | J — TRPC6 | 0.70388 |FAM19A1 -0.22959
TRPCS

MG 3 MX1 0.653655 | NLGN1 | -0.14586

Figure 64 NBL meta-gene correlationand anti-correlation
Three meta gens were used to identify sukclusters. There are three gene clusters and five patient sub
clusters identified.

There is high redundancy in NBL maggenes. Only three genes are not repetitive. TRPC5
gene is positively correlated with megane 1 and negatively correlated with metagene 2 and
3. TRPCS is positively correlated witlrug resistance in chemothergdd@6]. Therefore it is
critical to understand the TRPC5 gene expression variation of an NBL cancer patient before
chemotherapyNLGN1 gene is positively correlated withehVietagene 2 and negatively
correlate with Metagene 1 and 3. NLGNL1 is playing a role in HNS development and cell
adhesiofil07]. Furthermore, NLGN1 gene ovekpression appeared in metastatic prostate
cancerg107] also it's overexpression associated with poor relafree survival[107].

Based on rank three we have plotted the silhouette scorevéry three patient clusters
(Figure 65) All the clusters have positive silhouette scores however, the average score is
0.17. Everthough for the rank two clusters average silhouette score will only increase to
0.22. Therefore, we can conclude NBL data hagh intratumour similarity. However, it is
important to improve clustering quality by adding more NBL gene expression data to the data
matrix. However, these genes we have identified from three-gestas can be used for NBL
subtyping based on theixpression variation.
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Silhouette plot of (x = as.numeric(groups_nbl), dist = dist(t(nmf_
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Figure 65 NBL silhouette score for metagene patient clustering
Average score was 0.17 (lowYhree clusters have mismatching observations. 90 observations were belong
to cluster one.

(4)PCPG metagenes idenfication

We have used the NMF method to identify mgémes in tb PCPG data. The following

figure (Figure 66hows the NMF rank survey results for rank 2 to 10. Based on the results

gene.

we have selected rank three as the optimum number of clusters. Bagexirank 3 meta
genes we have extracted 1st three positively and negatively correlated genes for each meta

NMF rank survey

cophenetic dispersion silhouette
0.99 1
oo 0.90{% 1018
* e
"1 ._‘. \‘ .
0.961 | 0.85 1 » 0.6 A -7
| 8 4 \
| \’ % | |\ Measure type
| &, \
NIE 8 | L -®- Basis
LA TS 0.80 1 | ¢ | M AN
0.93 R—if b 4 | 0.6 AN ~o- Bestfit
| \ ‘| y & =3
/ \ o % *
\/ \ \ > -, Y . Coefficients
by 0.75 T * &~ Consensus
\ L i 4 L S
0.90 1 \ |‘ / 0 AN L]
< | / 3
\ [ 0.70 \/ $*
» I Iha
0 87 - 0 2 L T T T T iy
2 3 45 6 7 8 9% 10 2 3 45 67 8 9 10 2 3 4 5

Figure 66 PCPG NMF rank survey results
Three meta genes were selectdased on cophenetic, dispersion and silhouetpdots. Meta-gene six also
probable mata-gene count accoriding to results.

The followingfigure (Figure 67xhows the genes that should be focused on in the PCPG gene
signature to classify cancer subtypes.
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Figure 67 PCPG meta-gene correlationand anti-correlation meta gene contribution
Three metagenes were selected RPL gene family proteins were selected. Four patient clusters and five
gene clusters were identified based dmeatmap.

Metagene 1 and 2 positively correlate withe ribosomal gene family. Metgene 3
negatively correlate with the ribosomal gene family. Mgtae 1 negative correlated genes
are positively correlated with the Meggne 3. Metaggene 1 and 3 are comparatively opposite
to each other. However, Metage?eés similar to Metegene 1. The DCLK1 gene is the only
new gene that negatively correlates with Mgéae 2 in contrast to Metgene 1 negative
correlation. In colon cancer, the GAB2 gene promotes the metastatic stage of[t88¢er
Therefore the high expression of the GAB2 gene may lead to the metastgécrstHNS
cancers also. This finding needs to be validated with the biological experiment. LIMA1 gene
overexpression will be beneficial for treating cancer since it will reduce cell grihobi.

Loss of LIMA1 expression will lead to the metastatic stage in cancers due to cell migration
and invasion[109]. Therefore, Metagene 1 an 2 have a higher chance of having metastatic
stages in cancers. The KIF13B gene has a positive correlation tegblete3 whereas it has a
negative correlation to the other two mgenes. KIF13B inhibitangiogemrsis (growth of
blood vessels for cancer cellg)10]. High KIF13B gene expression will be a potential
therapy for PCPG cancers. Based on the results we can suggest thgeiMetacancer sub
type is mainly based on the GAB2 gene (high expression correlate witstatietastage).
However, the above statement needs to be validated with a biological experiment.

Based on rank three we have plotted the silhouette score for three patient (figtees68)

The average silhouette score is 0.23. If the rank is two,virage silhouette score will only
increase to 0.35. This is due to the high similarity between-gmte 1 and 2. Metgene 3
cluster has a 0.59 silhouette score. Therefore we can conclude thageMete88 is the
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