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Abstract

The research of human genes and diseases is very interrelated and can lead to an
improvement in healthcare, disease diagnostics, and drug discovery. In this work, a system
was established to construct similarity measures of gene pair mutation for human breast
cancer and then performed network analysis to identify disease-related genes. The
overlapping position of the interacting genes was used to calculate their similarity co-
efficient. Using this similarity coefficient the co-occur genes were analyzed and built up a
network of the gene cluster. Finally, a significant pathway was detected which was followed
by the genes in a cluster. In this study, the process of constructing the gene regulatory
networkin breast cancer was refined. A network topography for measuring gene-pair
mutation similarity had been taken using their position where they overlap to induce a
significantly mutated network. We aim to evaluate whether the identified network can be
used as a biomarkerfor predicting breast cancer patient endurance. Common genes were
estimated for different cancer types (i.e. lung cancer, prostate cancer, and breast cancer) from
Gene bank. On a breast cancer case study, the system predicted an average 80% breast-
related genes. These common genes were matched with reference breast cancer genes from
clinical data in cBioPortal. Using the position of the gene pair in the genome similarity
coefficient was measured. After that gene clusters were detected using similarity score.
Finally, we identified the JAK-STAT signaling pathway in which clustered genes were
enriched. It was found that 3 out of 4 datasets contained the MTOR NEDD9 EPOR gene
cluster. This gene cluster followed the JAK-STAT signaling KEGG pathway. The JAK-
STAT pathway played a vital role in cytokine-mediated immune responses, mainly cytokine
receptors and they were able to polarize T-helper cells.

Other gene clusters were SMAD4 PDGFRA KIT EGFR KDR ERBB3 and
ERCC2 COL18A1 ERCCL. They followed the MAPK signaling pathway and the nucleotide
excision repair pathway. Dysregulations in both pathways played a vital role in various
cancer development.

Our research showed that this study has the potential to identify disease-gene associated
networks as a biological marker that may be useful to breast cancer patients for selecting the
finest treatment. These common genes can be found in different cancers so that we can
compare our work in case of other (lung cancer and prostate cancer) cancer types.



Keywords: Similarity coefficient; overlapping; cancer-driving mutated network; network
topography; JAK-STAT pathway.
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Chapter 1

Background and Introduction



Background and Introduction

1.1. Gene

Genes are comprised of a sequence of nucleotides in DNA or RNA. Genes encode molecules to
make protein. Many of the genes are not responsible for protein-coding. The size of genes varies
depending on the DNA bases. The human Genome project defines that humans have between
20,000 and 25000 genes. Every person carries two sets of each gene. One is from a mother and
the other is from the father. Most of the genes are the same but few numbers of genes vary
among people. There is the same gene with small differences in their nucleotide sequences which
form allele. These differences make different functional features among people (Jonathan et al.,

2011).

Genes have two regions including promoter regions and alternating regions. The alternation
region includes introns (noncoding sequence) and exons (coding sequence). The genes are
transcribed from DNA to RNA to produce a functional protein. There is a specific method where
introns are removed and exons are spliced together. Then pieces of RNA sequences are

translated into an amino acid chain(Jonathan et al., 2011).

In human genes are located inside the cell nucleus. Even a few genes are found in the

mitochondria which differ from the genes found in the nucleus.

So, a gene is a small part of DNA that give instructions for protein molecule and also act as
information storage. They provide information for individual characteristics, for example, eye

and hair color which differ individually.



1.2. Chemical structure of the gene

Genes are made up of Deoxyribonucleic acid (DNA), some viruses are the exception. They have
genes consists of ribonucleic acid (RNA). DNA molecule is a double helix that is comprised of
two chains of nucleotides in a twisted form. Each chain is composed of sugars and phosphates.
These two chains are in twisted form with nitrogenous bases. These are adenine (A), guanine
(G), cytosine (C) and thymine (T). Here adenine (A) makes a bond with thymine (T). Similarly,
cytosine (C ) makes a bond with guanine (G). Through this DNA molecule, the information is

passed from one generation to the next one.

In this method, bonds are broken inside twisted DNA and the chain becomes unwind and also
creates a free nucleotide line. This process makes two identical DNA molecules from one

original (Jonathan et al., 2011).

1.3. Gene mutation

When the number of nucleotide bases of the gene is interrupted mutations occur. Nucleotides in
DNA sequence can be duplicated, deleted, rearranged or replaced. There is a particular effect for
each alternate. When mutations occur small or no effect can be found. Because of mutation, great
change happens which causes diseases like cancer. Mutation can happen from a small single
DNA building block to a large section of a chromosome that contains genes. Each cell has to
depend on proteins to accelerate its functions. Gene mutation prevents protein function. If this
protein function has the importance for the human body it will disrupt the normal function of the

cell and causes disease (Jonathan et al, 2011).



1.4. Genetic Variations

Genetic variation refers to a diversification of DNA nucleotide sequences inside genes. It is
defined as the difference in nucleotide sequences between individuals or between
populations.Genetic Variation can be found in germ cells i.e. sperm and egg, and also in somatic
(all other) cells. The particular source of somatic genetic variation is mutation. Single nucleotide
polymorphisms (SNPs) and copy number variations (CNVs) are responsible for the variations
where copy numbers in a specific DNA region are responsible for cancer development in somatic
genetic mutations. Genetic variation is occurred by a mutation which is a continual diversity in
the chemical structure of chromosomes in the form of gain or loss in copies of DNA segments.
As a result, abnormal proteins are created or prevent protein formation and causes uncontrollable

growth of cancer cells.

For example, four different nucleotides build up all the DNAs inside the human genome. They
are Adenine (A), Guanine (G), Cytosine (C) and Thymine (T). Variation occurs when the
number of DNA copies resembles the deletion or duplication of one or more segments in the
DNA. If we consider a DNA segment that normally has GCAATCG, this might have a variation
such as GCAATAATCG (a duplication of "AAT") or GCCG (a deletion of “AAT”) (Jonathan et

al., 2011).



1.5. Single Nucleotide Polymorphism

One of the most common types of genetic variations is Single nucleotide polymorphism, (SNPs)
in the DNA sequence of the human genome. Every SNP comprises nucleotide which is a
different building block. For example, an SNP may replace the nucleotide adenine (A) with the

nucleotide guanine (G) in that specific position in a certain sequence of DNA.

SNPs can be found in every 200-300 nucleotides on averagethat means there are about 10
million SNPs in the human genome. They are commonly placed in the DNA sequence of genes.
Genes that are responsible for a particular type of disease scientists are now able to identify those
genes using the SNPs as a biological marker. When a gene can not proceed with its function and
somewhat develop a disease, SNPs are present inside a gene or in the regulatory arena near a

gene.

As the majority of variations are not engaged to alter cellular function and thus have no effect to
create disease, some SNPs have been revealed to contribute to cancer development. SNPs can
influence people with great diversity in common traits, such as eye color, hair, etc. In the specific
region of DNA, SNP can be found which acts as chromosomal tags. These regions are the
specific area where a human disease or disorder can be immersed. These disease-related SNPs
are useful for diagnostic purposes. Even drug development is possible by identifying variations
that are involved in the disease. This approach will be most appreciated by doing genetic
screening for specific SNP in the human genome which can be used to select particular drugs.

(Ajwad, 2017).



1.6. Copy Number Variations

Genetic variations are multiple types that consist of human variability. Because of these genetic
variations, DNA nucleotide sequence and chromosome structure change SNPs are common that
are frequently observed in the DNA sequence of genes. The human genome is comprised of two
sets of 23 chromosomes, one set comes with mother and another set comes with father. But
recent analysis has explained that a large sequence of DNA bases can differ in copy number.
This copy number variations can either be deleted or duplicated in the arrangement of genes on
chromosomes. The genes that are always can be found in two copies per genome, now have been
observed in one, three or more than three copies. Often genes are altogether disappeared in a
specific region of DNA. These changes are indications of different diseases such as Autism,

Alzheimer's, Thalassemia, Parkinson's disease, etc.

All mutations are not engaged in ruining the human cells. Only a few driver mutations can cause

disease development based on the location of the mutation in the genes.

Identification of driver mutation is the main challenge in cancer genomics research. Different
methods (next-generation sequencing and microarray techniques) are used to identify driver
mutations. Still, computational methods to analyze the huge amount of CNV data need to

develop to accelerate the data (Ajwad, 2017).



1.7. Chromosomal Rearrangement

A type of mutation that occurs in the chromosomes and produces chromosomal abnormality by
changing the structure of the native chromosomes. The changes vary. There are different changes

such as deletion, duplication, inversion, and translocation.

Maximum chromosomal rearrangements happen during fertilization. When the chromosome pair
breaks during the recombination process and does not repair the breaks then pieces of
chromosomes may be rearranged. If these chromosomes participate in fertilization, the embryo
result in extra, missing or rearranged chromosomal pieces. As the baby grows the cell division
occurs and then rearrangement is transferred to all or some of the baby's cells. This type of

chromosomal rearrangement is the source of genetic disease and cancer (Louise et al., 2014).



Chapter 2

Literature review



Literature review

2.1. Cancer

The human body is made of cells that grow and divide. According to these cells body function
varies. Every cell has a specific function and also its life cycle. After some time, old cells are
replaced by new cells. This process is damaged by cancer and causes abnormal growth of cells.

(Maira et al.,2006).

DNA mutation or changes are responsible for this abnormality. Every cell contains a specific
gene that holds DNA. So cell functions are regulated by the instructions of the gene. When DNA
mutation disrupts then cells divide and grow abnormally and can lead to cancer. Human death is

gradually increasing due to cancer.

Cancer can be found when genetic changes can not proceed systematically. Then cells start to
grow abnormally. As a result, a tumor may be formed by these cells. A tumor can be two types
that are cancerous and benign. A malignant tumor is cancerous, it means, this type of tumor can
be developed and expanded to any part of the body. But if the tumor only grows and does not

spread which is called a benign tumor. (Maira et al., 2006).



2.2. Type of Cancer

Four types of cancers are classified based on where it starts.

Carcinomas: Mainly carcinoma is identified in the surface of internal organs and glands.
Carcinomas usually contain solid tumors. Carcinomas are prostate cancer, breast cancer, lung

cancer, and colorectal cancer.

Sarcomas: Sarcoma can be found in fat, muscles, nerves, tendons, joints, blood vessels,

lymph vessels, cartilage, or bone.

Leukemias: Blood cancer is called Leukemia. There are four types of leukemia. These
areacute lymphocytic leukemia, chronic lymphocytic leukemia, acute myeloid leukemia, and

chronic myeloid leukemia.

Lymphomas: This type of cancer can be developed in the lymphatic system. The lymphatic
system is comprised of vessels and glands that protect the body from infection. There are two
types of lymphomas: Hodgkin lymphoma and non-Hodgkin lymphoma (The Healthline

Editorial Team, 2016).

2.3. Carcinomas

Cancers are various types and the most common type is carcinoma. Carcinoma starts from the

tissue or cell that covers the organ. For example, prostate, lung, liver, kidney, breast, etc.
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Carcinomas are also different type and occur in many parts of the body. These are basal cell
carcinoma, squamous cell carcinoma, renal cell carcinoma, ductal carcinoma in situ, invasive

ductal carcinoma and adenocarcinoma (Laura et al., 2018).

2.4. Lung cancer

Lung cancer is also known as lung carcinoma. Based on the size and injured cells there are
two types of lung cancer are non-small cell lung cancer (NSCLC) and small cell lung cancer
(SCLC). The lung cancer has many stages depends on spreading from the lungs to lymph
nodes or other organs. The lung is a large organ. Identification of the early stage of lung
cancer is difficult. It can grow a tumor for a long time before they detect it. When symptoms
occur like coughing and fatigue most people ignore thinking because of another cause. That’s
why difficult to find out lung cancer in an early stage(Laura et al., 2018).

Three types of lung cancer have been identified. 85% of lung cancer is adenocarcinoma occur
in both men and women. 25% of lung cancer is squamous carcinoma and 10% is large cell
carcinoma.Even NSCLC has four stages based on the spread area of cancer. Remaining 15%
of lung cancer is small cell lung cancer (SCLC). They grow fast than NSCLC tumors. SCLC
has two stages limited stage and extensive stage(William et al., 2000).

If there are any genetic mutation which causes cancer this genetic information helps to
predict cancer. Based on this genetic information treatment can be specified and medicine
also can be personalized.

The most frequently mutated genes in NSCLC are TP53, KRAS, EGFR, ALK, CDKN2A,

and STK11 ( Greulich, 2010). When a cancer cell is identified in the lungs is called primary
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lung cancer. Sometimes cancer from other parts of the body spread or metastasize to the lung
is called secondary lung cancer. For example, many of the genes of breast cancer have been
identified in the lungs which do not indicate lung cancer and need to prescribe treatment for

breast cancer, not for lung cancer.

2.5. Prostate cancer

Prostate cancer is identified when cells in the prostate gland begin to grow abnormally.
Prostate cancer is developed when the growth of the cells in the prostate gland are
uncontrolled. Annually 1,600,000 cases and 366,000 deaths for prostate cancer have been
reported as it is the most common noncutaneous cancer in men worldwide(Torre et al. 2015).
In spite of the recent progress, men are significantly affected by this cancer, with
mistreatment of inherently benign disease and incompetent therapies for metastatic prostate
cancer (Guocan et al., 2018). The rates of clinical prostate cancer in the Asian population are
lowest. In the Hispanic Caucasian population, this cancer has intermediate rates and the
highest rates are identified in African American populations. This proposed that
environmental factors play a vital role in prostate cancer (Rebbeck, 2017).In different levels
of genetic and epigenetic changes arise. Genetic modifications have suggested its use as
biomarkers, especially for breast and ovarian cancer. To conclude the high risk of the
development of these disease mutation in BRCA1 and BRCA2 have been identified. RNase L
(HPC1, 1g22), MSR1 (8p), ELAC2/ HPC2 (17p11) genes are used as biomarkers for prostate

cancer (Joke et al., 2010).
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2.6. Breast Cancer

2.6.1.Genetic Changes in Breast Cancer

Genes are found in chromosomes which are small segments of DNA. They carry the instructions
for functional proteins. The structure and function of all the cells are maintained by these
proteins in the human body. When these genes are mutated, they damage the cell functionalities.
That causes uncontrollable cell growth and division which leads to cancer formation. So cancer

is the uncontrolled growth of abnormal cells which develops the complex human disease.

The cells conduct a series of genetic and epigenetic alteration which causes modification of gene
activities of several genes, Al these changes occur in the single somatic cell and are also known
as somatic mutations. Due to the involvement of genetic factors, genetic mutations can be found
in all cells which can lead to the risk of breast cancer. These genetic changes are defined as
germline mutations. The difference in somatic mutation and germline mutation is that somatic
mutation occurs in the single body cell and can’t be inherited whereas germline mutation occurs

in gametes and can be inherited from parents (Rizzolo et al., 2011).

There are various risk factors for breast cancer among them lifestyle and hormonal factors are
commonly identified. About 15-20% of breast cancer is familial and the affected women with
this disease are relatives. The heritable elements in these families are consequential, mostly the

women who are with low age are affected by breast cancer (Ajwad, 2017).
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2.6.2.1dentifying breast cancer susceptibility genes

Breast cancer represents 25% of all cancer. Studies show that the percentage of breast cancer is
inherited by about 15-20%. The susceptibility genes for breast cancer are classified into three

groups based on their mutation frequency and position in the human genome.

1. High penetrance group
2. Moderate penetrance group and

3. Low penetrance group

BRCAL and BRCAZ2 are both high-risk susceptible genes for breast cancer. A few numbers of
genes represent moderate to high risk for breast cancer. TP53 is a germline mutation and tumor
suppressor gene has been discovered in cancer families which is responsible for Li-Fraumeni
syndrome (LFS). But it has been found as the most common dormant form. The moderate-risk
genes are CHEK2, ATM & PALB2. SQL is the new breast cancer susceptible to a moderate risk
gene. High-risk genes are responsible for DNA damage and other pathways. The function of
low-risk genes is uncertain but they are essential for gene expression.Protein formation from
these genes is directly related to cell formation and DNA damage repair which means a mutation

in these genes can lead to uncontrollable cell growth (Camilla et al.,2019).

So, in total high-risk genes are BRCAL, BRCA2, TP53, STK11, CD1, and PTEN identified for
approximately 20% of the inherited breast cancer risk. Moderate risk genes are identified about
up to 5% of the inherited familial breast cancer risk. Low-risk genes are more than 180 which are
identified as 18% of the familial risk. But still, most of the genetic framework of familial breast

cancer is uncertain (Camilla et al.,2019).
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2.6.3.Type of Breast cancer

In many cases, female hormones are responsible for some breast cancers. The hormones are
estrogen and progesterone. There are different receptors in breast cancer cells. Depending on the
cancer cells respond to different receptors can catch specific hormones. From this view, four

different types of breast cancer are identified.

1. Estrogen receptor (ER) positive: In this breast cancer, the cells are positive to estrogen
hormone. These cells have the receptor which allows them to grow estrogen hormone.
Endocrine hormone therapy can suppress cancer cell growth.

2. Progesterone receptor (PR) positive: The cancer cells are sensitive to progesterone.
Receptors in the cancer cells grant them to grow in response to the progesterone
hormone. The growth of cancer cells can be inhibited by doing treatment with endocrine
therapy.

3. Hormone receptor (HR) negative: In this cancer type cells do not have hormone
receptors. So it can't be treated with endocrine therapy but the aim is blocking hormones

in the body (Ajwad, 2017).

2.7. Mutation Analysis Approaches

There are so many advantages of next-generation sequencing that has been widely used in
genomic research. The traditional sequencing methods (such as Sanger sequencing method)are
replaced by next-generation sequencing, and many complex disease research is possible using
this method. So this technology has the advantages of high speed, high throughput and high

efficiency in breast cancer. It has been massively used in different cancers (such as prostate
15



cancer, lung cancer, pancreatic cancer, liver cancer, etc.), especially in breast cancer. In this
technology, constructing “libraries” of short DNA fragments which are then sequenced. Using
this technology genetic alteration can be identified(Hahn et al., 2002). One of the common
approaches to analyze the genomic alterations is to look for recurrently mutated genes, which are
mutated in a large group of the patients. The main idea behind this approach is that if the genes
that are mutated in a large fraction of patients can be identified, they will correspond to non-
random mutations. However, this approach is challenging. Although some cancer genes have
higher mutation frequency rates (e.g., TP53) than non-cancerous genes, most of them have much
lower mutation frequencies (Vandin et al., 2010). Instead of a single gene, driver mutations can

target groups of genes in networks or pathways (Vogelstein et al., 2004).

Current network-based approaches have one key limitation is that they can’t assign the same
mutation genes into different networks although overlapped networks are possible. Because of
this reason we are applying two network-based clustering algorithms to analyze breast cancer
genomic data for identifying cancer-driving mutated networks. The approach is called
ClusterOne (Nepusz et al., 2012). In this study a new mutation analysis method was designed by
taking network topography into account for measuring gene pair's mutation similarity to infer

cancer-driving mutated subnetworks.
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2.8. Motivation and Research Objectives

2.8.1. Motivation

Breast cancer diagnosis based on gene expression profile is an important program to illustrate
patient care. Genes are connected in a network that encodes protein functions or pathway
information. In this article, we develop a bioinformatics analysis method where common genes
are collected from different cancers (lung cancer, breast cancer, and prostate cancer) to identify

the disease-gene associatednetwork which follows a specific pathway.

2.8.2. Hypothesis

We hypothesize a disease-gene associated network with highly mutated genes which are
collected from different cancer types (lung cancer, breast cancer, and prostate cancer). These
genes are predicted as 80% of breast-related genes. Common genes are also matched with
reference genes from clinical data of breast cancer patients. Using their overlapping position has
to identify the similar coefficient of gene pair which will help to develop a network of highly
mutated genes. Finally, we will establish a significant pathway of that developed gene network.
This approach will lead to the network-based biomarkers for breast cancer survivors that may be
useful to choose the finest treatment for cancer survival patients. Thisdisease-gene
associatednetwork can be compared in the case of other (lung cancer and prostate cancer) cancer

data analysis.
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2.8.3. Research Objectives

At first, we will refine the top-ranked genes for different types (lung, prostate and breast cancer)
of cancers. On a breast cancer case study, the system predicts 80% breast-related genes. These
genes will be matched with reference clinical data of breast cancer patients. Secondly, we will
investigate the disease - gene relationship based on the similarity coefficient of gene pair. We
will present a computational method to create a network with highly mutated genes and their

significant pathway. This network will be used as a biomarker for breast cancer survival patients.
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Chapter 3

Materials and Methods
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Materials and Methods

3.1. Preprocess of data extraction

3.1.1. Gene bank

Gene bank was a database that provides all the information on the DNA sequence. This
information was the most up-to-date. From gene bank, we retrieved the total number of
established genes in lung cancer 2880, breast cancer 4153 and prostate cancer is 2775. Then we
collected the common genes among these cancer types. The number of common genes was 1097.
That means these genes were present in the lung, breast, and prostate simultaneously. To build
up a network we collected information from these genes were gene ID, symbol, start point,

endpoint, and frequency.

3.1.2. cBioPortal

cBioPortalwas a cancer genomics software from where we collected genes as reference causing
breast cancer from different datasets. These were (Breast Invasive Carcinoma (Koboldt et al.,
Nature 2012), Breast Cancer (Razaviet al., 2018), Breast Invasive Carcinoma (Hoadleyet
al.,2018. Ellrott et al.,2018. Taylor et al.,2018. Gao et al., 2018. Liu et al.,2018. Sanchez-
Vega et al., 2018.) andBreast Invasive Carcinoma (Ciriello et al., 2015) ). These datasets have

been described below.
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Breast Invasive Carcinoma (Koboldt et al., Nature 2012)

The project was Breast Invasive Carcinoma and the cases were 825. To collect the mutated genes
from these sample several methods had been done. The methods werewhole-exome sequencing
(510 samples with matched normal), genomic DNA copy number arrays, DNA methylation,
messenger RNA arrays, microRNA sequencing, and reverse-phase protein arrays analysis. The
number of mutated genes was 507.

Breast Cancer (Razavi et al., 2018)

Breast cancer mutated genes were 1918 and the patient number was 1756. These were the highly
mutated genes engaged with the mitogen-activated protein kinase (MAPK) pathway and in the
estrogen receptor transcriptional machinery. In endocrine-resistant tumors activating ERBB2
mutations and NF1 loss-of-function mutations were more than twice. Mutations in other MAPK
pathway genes (EGFR, KRAS, among others) and estrogen receptor transcriptional regulators
(MYC, CTCF, FOXAL, and TBX3) were also enriched. Altogether, these mutations were present
in 22% of tumors, ESR1 mutations are exclusive, and correlate with a shorter duration of

response to consecutive hormonal therapies.

Breast Invasive Carcinoma (Hoadley et al.,2018. Ellrott et al.,2018. Taylor et al.,2018.

Gaoetal., 2018. Liuetal.,2018. Sanchez-Vegaetal., 2018.)

The data were collected from different papers where the number of patients was 1084 and the

samples of mutated genes were 1066.
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Breast Invasive Carcinoma (Ciriello et al., 2015)

The project wasThe Cancer Genome Atlas (TCGA) Breast Invasive Carcinoma. The number of
patients was 816 and the number of mutated gene samples from breast tumor of Invasive lobular

carcinoma was 817. It was the second-highest prevalent subtype of Breast Invasive Carcinoma.

3.2. Data extraction

The official list of genes were downloaded to develop a cancer-driving mutated network in breast
cancer. The common genes of different cancers (lung, breast and prostate cancer) were required
from gene bank. The number of total genes was in lung cancer (2880), prostate cancer (2775)
and breast cancer (4153). Then we collected the common genes among these cancer types. The
number of common genes was (1097). That means these genes were present in the lung, breast,
and prostate simultaneously. In this work, we also collected genes as reference causing breast
cancer from different datasets. These were Breast Invasive Carcinoma (Koboldtet al., Nature
2012), Breast Cancer (Razavi et al., 2018), Breast Invasive Carcinoma (Hoadley et al.,2018.
Elliott et al.,2018. Taylor et al., 2018. Gao et al., 2018. Liu et al.2018. Sanchez-Vega et al.,
2018.) andBreast Invasive Carcinoma (Ciriello et al., 2015) using cBioPortal. Then matched
common genes with reference genes from different datasets. Finally, we found four different

datasets. The total number of matched genes in different datasets was 546, 197, 841 and 752.
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3.3. Method

To build up a disease-gene relationshipnetwork we established a method that has been given
below in Figure 1. Concisely speaking, at first, matched genes and their information were
collected those were gene ID, symbol, start point, endpoint, and frequency. Then we identified
the overlapping genes calculating the start and endpoint of the genes. As we have already
established the frequency of these matched genes, we can easily calculate gene pair specific
mutation similarity scores. To use these scores we created a disease-gene network from
ClusterONE. Many gene clusters were identified. Finally, we analyzed the pathway of the gene

clusters according to the lowest p-value and found remarkable results.
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Figure 1: A way of analysis to identifythe disease-gene associatednetwork.
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3.4. Overlapping genes

Overlapping genes are defined as chromosomal locations of two adjacent gene loci overlapping

partially or entirely with each other by sharing a common genomic region(Chao-Hsin, 2019).

In the case of two overlapping genes, different proteins are involved in the overlap events. DNA
codes for the amino acids in their overlapping portion. These overlapping events can be noticed
in viruses, prokaryotes, and also in eukaryotes (Maxime, 2014). Using genome-wide annotations
of genes and mRNA features human overlapping genes are identified and analyzed in a specific
way. More than 10% of human genes are engaged in gene overlap incidents (Meng-Ru et al.,

2012). Even many overlapping genes are responsible for the infection.

Both strands of the human genome are used for transcription. Two types of overlapping events
happen; two genes overlapping on the same strand, and two genes overlapping on opposing
strands. Furthermore, using the relative positions of the two genes, overlapping genes patterns

can be classified (Tomohiro et al., 2007).

3.5. Identification of overlapping genes

In this study, genes of breast cancer were retrieved from Gene bank. These genes have been
already established with the start point and endpoint in Gene bank. After getting matched genes
we identified the start point and endpoint for each matched genes. From these points, we can
easily identify overlapping genes. For example, if the start point of g2 remains in between the
start point and endpoint of g1, then these two genes overlap with each other. In this way, two or

more genes can share the same region when overlap. Using database overlapping genes were
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identified by matching their start point whichremains in between the start and endpoint of that

next before gene.

1 CE—— R
2 )

o 4umm s s
“ 4= HE R BN

Figure 2: Overlapping genes. Genes sharing the same locus but coding for different

proteins. Start point of g2 lies in between start and end point of gl and overlap
with each other.

3.6.Gene-specific mutation frequency

The next step was to find out the frequency of gene-specific mutation. As the frequency of the
genes was given in gene bank data. The desired frequency of the genes was directly retrieved
from gene bank data. Using this frequency gene pair specific mutation similarity score could be
calculated.
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3.7. Calculation of gene-pair specific mutation similarity Score

Using gene mutation frequencies retrieved from the gene bank similarity score of the gene pair
was calculated to build up a disease-related gene network. We applied this similarity score to
create the network. Each pair similarity score is used as an input to ClusterONE, which has been
described in Section 3.1.9. The authors said that it is the finest approach to get improved results
as the ClusterONE algorithm shows a constant weight (=1) for each interaction in the network

(Nepusz et al., 2012).

For the calculation, we used the similarity coefficient formula (IBM Knowledge Center, 2012) to

measure gene pair mutation similarity score:

Ci)2
Similarity Coefficient = G (1)

Where,
C,is the frequency of g1 or the records in which the mutation | occur.
C; is the frequency of g2 or the records in which the mutation J occurs.

C,; is the frequency of g1 and g2 or the records in which both g1 and g2 mutations I and J co-

occur.
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For this work, we applied the gene-pair the similarity formula as a network edge weight. We

have treated the gene similarity score to the edges of the network.

3.8. Identification of disease-gene associated networks

We have used the ClusterONE algorithm to identify disease-gene associated network from the
similarity score of a gene pair for all the interactions. ClusterONE is an algorithm that detects
clusters or groups of overlapping genes in the gene interaction network (Nepusz et al., 2012). We

briefly describe this algorithm as follows.

ClusterONE: It is an algorithm that is used to build up a gene interaction network with a group
of genes carrying high cohesiveness. In the author's statement, each group defines cohesiveness
making a protein complex that has two structural properties of a subgraph: the interaction
between its subunits and the separation from the rest of the network. For a group of proteinsP,

the cohesiveness (P)is defined by:

total weig ht for internal edges (2)

(P) =

" total weig ht for internal edges +total weig ht for boundary edges +P

There are two terms have been which defined the edges of the network. ‘Internal edges' are used
to define the given group and 'boundary edges' have a connection with the rest of the network.

The constant [J is a term that clarifies the uncertainty in the data.
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This algorithm mainly consists of three steps. First, as the first seed protein has to be selected
with the highest degree by following a greedy approach and begins to make a cohesive group
from the primary seed. While choosing the next seed, the algorithm considers all the proteins that
are not available in any other network (protein complexes). After that highest degree node is
selected again. This process goes on until no proteins left to consider. If the cohesive group
creates any vertex during the growth process it can be removed if necessary. So vertex will not

be seen in any of the clusters or groups.

The next step is, according to the overlapping score pair of groups are marked. The authors
merge when overlap score (w) more than 0.3. For two protein sets X and Y, the author defined w

as:

WX, V)=IXOYRI X Y] oo 3)

According to the author's statement, a pair of groups must be merged one after another or
spontaneously. In this first approach, the problem is overlapping score needs to be recalculated
after each merging happens in each interaction. To ignore this problem, ClusterONE uses the
concurrent approach. ClusterONE constructs an overlap graph from the collection of cohesive
groups. In the graph, each node represents a cohesive group and two nodes are connected if the
overlap score is larger than the given value (w=0.3). Nodes can be directly (one-to-one) or
indirectly (via paths of edges) promoted to protein complex candidate. If no edges exist in the

node then merging is not possible.

In the final step, the algorithm gets rid of complexes that have a density below a specific value.
In our study, we consider the overlapping gene pairs and the weight of each gene pair is based on

the gene-pair mutation similarity coefficient.
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3.9. Parameters used to run ClusterONE

To run ClusterONE, we only need a similarity score of gene pairs. No need to use any additional

parameters.

3.10. Pathway analysis

After identification of the gene network of breast cancer pathway analysis using the gene list of
that network was implemented. We used the Enrichr (Kuleshov et al., 2016) software to detect
gene ontologies (biological processes and molecular functions) and biological pathways
(KEGG). More than 100 updated genes are available in the Enrichr software for analysis. This
software is popular for the pathway enrichment analysis to identify the specific pathway in which

the overlapped genes act. These overlapped genes are from ClusterONE which makes networks.

Pathway enrichment analysis encloses the knowledge of gene sets and these genes are involved
in biological pathways or biological functions. The priority is to analyze the gene from the gene
list that represents the gene sets. There is an enrichment score that quantifies the degree of
representation (Subramanian et al., 2005). The analysis consists of three different parts. First,
using the gene list (e.g. the whole human genome) for both input and background the enrichment
score is calculated based on the number of gene representations from the gene set. Second, the
statistical implication of the calculated score is predicted. Finally, the peak for each gene is

detected after establishing the scores for each gene set.
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Results
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Results

Thousands of genes are responsible for causing cancer types and it is impossible to find out any
single gene in the diagnosis for cancer. Scientists discovered that every type of cancer was
caused by different types of genes. There are huge variations in the genes. These variations play
a vital role in cancer research. So it is not possible to explain any single gene for cancer

diagnosis.

In this study at first 1097 common genes (Table 1) were retrieved from lung cancer, prostate
cancer and breast cancer from Gene bank. All information on these genes is available in the gene
bank. In this work, 80% of genes are related to breast cancer. Again we have found clinical
datasets of breast cancer patients as reference data. We collected this data from cBioPortal.

(Table 2).

After that, the common genes were matched with the genes of four clinical datasets of breast
cancer patients and developed four matched genes datasets. These four datasets of matched genes

are given below in the table form. (Table 3, Table 4, Table 5, Table 6).

These matched genes are already established with gene ID, start point, endpoint, and frequency

as they were matched with the common genes.

According to the start point and endpoint, we found out overlapping genes in a pair for these four
datasets individually. Using the equation of similarity coefficient we calculated similarity score

of these gene pairs
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Table 1.Common genes have been collected from lung cancer, prostate cancer, and breast

cancer.

Common Gene

ABCAL
ABCB1
ABCC1
ABCC4
ABCG2
ABL1
ACE
ACHE
ACKR3
ACTA2
ADAM10
ADAM12
ADAM15
ADAM17
ADAMY
ADAMTS1
ADAR
ADIPOQ
ADRB2
AGER

B2M
BAD
BAG1
BAG3
BAK1
BARD1
BAX
BBC3
BCAR1
BCL11A
BCL2
BCL2A1
BCL2L1
BCL3
BHLHE41
BIRC2
BIRC3
BIRC5
BIRC7
BLM

CASP10
CASP3
CASP8
CASP9
CAT
CAV1
CAVIN1
CBL
CBX5
CBX7
DKK2
DKK3
DLX4
DNMT1
DNMT3A
DNMT3B
DPP4
DPYD
DSC3
DUSP1

EEF2
EFEMP1
EGF
EGFR
EGLN1
EGR1
EIF2S1
FOXP3
FOXR2
FSCN1
FSTL1
FYN
FzZD8
GADD45A
GAPDH
GAS5
GATA2
GLS
GNA12
GSTM3

HPSE
HRAS

HSD17B1

HYAL1
IGFBP7
IKBKB
IL10
IRS2
ISG15
ITGA2
JAK?2
JUN

KCNMA1

KDR
KEAP1
KMT2D
LATS2
LCN2
LDHA
LEF1

MARCKS
MB
MCAM
MDM4
NPRL2
NQO1
NRZI2
NUDT1
OLFM4
P2RX7
P2RY2
PBK
RRM2
RSF1
RUNX2
S100P
SAAL
sDC1
TBXT
TCF7L2

TNK?2
TOP1
UBE3A
UCA1
ULK1
VEGFD
VHL
VIM
VTCN1
WNTSA
WT1
WWOX
XRCC4
XRCC6
YAP1
YBX1
YY1
ZBTB33
ZBTB7A
ZEB1
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Table 2. Clinical datasets of breast cancer patients as a reference from cBioPortal.

Link of Reference data

1. Breast Invasive Carcinoma (Koboldt et al., Nature 2012).

2. Breast Cancer (Razavi et al., 2018).

3. Breast Invasive Carcinoma (Hoadley et al.,2018. Ellrott et al.,2018. Taylor et al.,2018.

Gao et al., 2018. Liuetal.,2018. Sanchez-Vega et al., 2018.) and

4. Breast Invasive Carcinoma (Ciriello et al., 2015).
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Table 3. Matched genes from common genes and reference genes ( Dataset 1)

GenelD

10273
977
1855
5176
7468
5590
4521
2305
7161
1316

Matched
Genes

STUB1
CD151
DVL1
SERPINF1
NSD2
PRKCZ
NUDT1
FOXM1
TP73
KLF6

start_point

680410

832952

1335278
1761925
1871393
2050411
2242222
2857680
3652516
3775996

end_point

682801

838835

1349418
1777574
1982207
2185399
2251145
2877174
3736201
3785281

Freq

0.002
0.002
0.004
0.002
0.012
0.002
0.002
0.006
0.002
0.002

newkreq

0.2
0.2
0.4
0.2
1.2
0.2
0.2
0.6
0.2
0.2

In table 3 GenelD is fixed for a specific gene in a particular locus. Matched genes are the gene's

symbol. Start point means from where the transcription of the gene begins and endpoint means

where the transcription of the gene stopped. The frequency of a gene means allele frequency at a

particular locus in a defined population and new frequency is the diverted form of frequency

without percentage.
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Table 4. Matched genes from common genes and reference genes (Dataset2)

GenelD Matched start_point end_point Freg new freq
Genes

3265 HRAS 532242 535576 0.004 0.4
6794 STK11 1205778 1228431 0.014 14
7015 TERT 1253148 1295068 0.015 1.5

2261 FGFR3 1793293 1808872 0.004 0.4

7468 NSD2 1871393 1982207 0.001 0.1

894 CCND2 4273762 4305353 0.002 0.2

3717 JAK2 4985086 5128183 0.009 0.9
29126 CD274 5450503 5470567 0.002 0.2

5879 RAC1 6374527 6403967 0.003 0.3
23081 KDM4C 6720863 7175648 <0.1% #VALUE!

In table 4GenelD is fixed for a specific gene in a particular locus. Matched genes are the gene's
symbol. Start point means from where the transcription of the gene begins and endpoint means
where the transcription of the gene stopped. The frequency of a gene means allele frequency at a
particular locus in a defined population and new frequency is the divertedform of

frequencywithout percentage.
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Table 5. Matched genes from common genes and reference genes (Dataset3)

GenelD Matched start_point end_point Freg new freq
Genes
23410 SIRT3 215030 236931 0.002 0.2
3265 HRAS 532242 535576 0.006 0.6
5176 SERPINF1 1761925 1777574 0.004 0.4
2261 FGFR3 1793293 1808872 0.002 0.2
7468 NSD2 1871393 1982207 0.007 0.7
5590 PRKCZ 2050411 2185399 0.004 0.4
4521 NUDT1 2242222 2251145 0.003 0.3
5434 POLR2E 1086574 1095392 0.002 0.2
6794 STK11 1205778 1228431 0.007 0.7
7015 TERT 1253148 1295068 0.006 0.6

In table 5 GenelD is fixed for a specific gene in a particular locus. Matched genes are the gene's
symbol. Start point means from where the transcription of the gene begins and endpoint means
where the transcription of the gene stopped. The frequency of a gene means allele frequency at a
particular locus in a defined population and new frequency is the diverted form of frequency

without percentage.
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Table 6. Matched genes from common genes and reference genes (Dataset4)

GenelD Matched start_point end_point Freg new freq
Genes
23410 SIRT3 215030 236931 0.002 0.2
682 BSG 571283 583493 0.002 0.2
3665 IRF7 612555 615999 0.001 0.1
7298 TYMS 657653 673578 0.001 0.1
10273 STUB1 680410 682801 0.006 0.6
977 CD151 832952 838835 0.002 0.2
6794 STK11 1205778 1228431 0.002 0.2
7015 TERT 1253148 1295068 0.002 0.2
1855 DVL1 1335278 1349418 0.004 0.4
5176 SERPINF1 1761925 1777574 0.002 0.2

In table 6 GenelD is fixed for a specific gene in a particular locus. Matched genes are the gene's
symbol. Start point means from where the transcription of the gene begins and endpoint means
where the transcription of the gene stopped. The frequency of a gene means allele frequency at a
particular locus in a defined population and new frequency is the diverted form of frequency

without percentage.
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4.1. Similarity score of gene pairs:

Table 7. The similarity score of gene pairs for dataset 1

gl g2 Similarity Score
COL1A1 AKAP4 0.6
PRKDC SMAD2 0.4
MTOR NEDD9 0.7
NEDD9 EPOR 0.3
PROML1 NCOR1 0.4
HDAC1 BRCA2 0.5
BRCAL RET 0.5
CDH1 MDM2 0.4
ITGB4 MYO6 0.4
AKT1 ABCA1 0.7

Following the similarity coefficient equation, we have to put these genes pair within-group name
gl and g2. g2 is the group contains the genes whose start point must be found in between the
start and endpoint of the genes of group gl. After calculation, we can find a similarity score

using the similarity coefficient formula.
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Table 8. The similarity score of gene pairs for dataset 2

gl g2 Similarity Score
RAC1 KDM4C 0.8
VHL TYK2 0.7
KDMA4C INSR 0.9
ID3 KRAS 0.9
DDR1 BCL2L1 0.5
CEBPA CCL2 0.8
CCL2 NFKBIA 0.9
MSTI1R CEBPB 0.9
TIMP2 MSH3 0.8
PGR TRPC6 0.8

Following the similarity coefficient equation, we have to put these genes pair within-group name

gl and g2. g2 is the group contains the genes whose start point must be found in between the

start and endpoint of the genes of group gl. After calculation, we can find a similarity score

using the similarity coefficient formula.
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Table 9. The similarity score of gene pairs for dataset 3

gl g2 Similarity Score
GNA12 SGTA 0.8
MMP26 AKR1C3 0.8
CD274 FSCN1 0.8
INSR CLDN7? 0.9
GDF15 NAT2 0.5
NAT2 LDHA 0.8
E2F3 RHOB 0.9
RHOB APEX1 0.8
PEBP4 IL6 0.7
MAP3KS8 HMGB1 0.8

Following the similarity coefficient equation, we have to put these genes pair within-group name

gl and g2. g2 is the group contains the genes whose start point must be found in between the

start and endpoint of the genes of group gl. After calculation, we can find a similarity score

using the similarity coefficient formula.
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Table 10. The similarity score of gene pairs for dataset 4

gl g2 Similarity Score

CTCF GSTP1 0.6
GOLGA2 ETS1 0.6
JAK1 GNA13 0.5
LEPR AXIN2 0.4
AKT1 ABCA1 0.4
DICER1 PON1 0.5
MTOR NEDD9 0.7
NEDD9 EPOR 0.6
NCOR1 GRPR 0.5
CDH1 MDM?2 0.5

Following the similarity coefficient equation, we have to put these genes pair within-group name
gl and g2. g2 is the group contains the genes whose start point must be found in between the
start and endpoint of the genes of group gl. After the calculation, we can find a similarity score

using the similarity coefficient formula.
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4.2. Result from ClusterONE

Using similarity coefficient we run ClusterONE and found many complex gene clusters with
high cohesiveness. Each cluster is a protein complex. According to datasets, we detected

different clusters of genes for different datasets.

For Dataset 1, we detected only one complex gene cluster. MTOR, NEDD9, and EPOR make a
complex gene network as they have high cohesiveness and their similarity score is not less than

0.3.

Table 11. Detected 1 complex gene cluster for datasetl

1. MTOR NEDD9 EPOR
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Table 12. Detected 37 complexes gene clusters for dataset 2.

Gene Cluster

p-value from enrichr

1. HRAS STK1l1 TERT FGFR3 0.00002171
2. CCND2 JAK2 CD274 RAC1 0.00002171
3. INSR TP53 ERRFI1 0.00007701
4. AURKB DNMT1 VHL 0.007034
5. KEAP1 SMARCA4 MTOR 5.82E-07
6. RAF1 CDKN1B CALR 0.00004264
7. NOTCH3 BRD4 NCOR1 E2F3 LATS2 MAPK1 CDKNZ2A 2.78E-07
8. KRAS DNMT3A CDKS3 0.0006617
9. TEK FLT1 CHEK2 ALK NF2 2.03E-04
10. MAPK3 TGFBR2 MDC1 0.00003825
11. BRCA2 WT1 DNMT3B TAP1 CEBPA 8.45E-04
12. NFKBIA IL7TR CDKNIA MLH1 PIM1 1.28E-08
13. PIM1 SRC FOXAl FGFR1 7.63E-05
14. SRC FOXAl FGFR1 RICTOR ERBB2 AKT2 RARA 3.59E-08
FOXO01
15. RAD51 TOP1 EP300 CTNNB1 AXL STAT3 BRCA1 1.48E-06
RET TPS53BP1
16. B2M MUTYH ERCC2 EPAS1 BBC3 EPCAM MSH2 1.48E-06
NCOA3 SMAD?2
17. MSH2 NCOA3 SMAD2 RB1 KMT2D RHOA 7.53E-08
18. SMAD4 PDGFRA KIT EGFR KDR ERBB3 4.00E-09
19. AURKA MAP3K1 GLI1 CDK4 4.26E-04
20. RAD51C JUN GNAS PPMI1D 3.52E-05
21. MEN1 JAK1l EPHAS AXIN2 2.85E-04
22. SMAD3 AR CTCF PIK3R1 CDH1 MDM2 7.53E-08
23. CCND1 MEDI12 SOX9 CD276 PAK1 3.30E-04
24. MSH3 HGF FASN 1.95E-03
25. PTEN EPHA3 NBN BLM SYK 4.08E-05
26. EPHA7 DICER1 IGF1R 7.33E-03
27. EIFAE TGFBR1 PGR 1.08E-02
28. YAP1 BIRC3 IGF1 ERCC5 AKT1 PIK3CG KLF4 ATM 3.69E-07
IRS2 FYN
29. PTPN11 APC TCF7L2 MET 1.61E-06
30. ROS1 CBL GSK3B XIAP 7.26E-05
31. MYC GATA2 ABL1 TSCl1 RXRA 3.32E-05
32. CXCR4 NOTCH1 TRAF2 PIK3CB BRAF INPP4B 7.53E-08
33. INPP4B EZH2 PDGFRB MCL1 1.31E-05
34. RHEB ESR1 DDR2 9.97E-05
35. FGFR4 NFE2L2 PIK3CA FLT4 SOX2 TP63 CASP8 2.58E-07
36. SOX2 TP63 CASP8 CTLA4 MDM4 1.27E-04
37.IDH1 ERBB4 BARD1 PARP1 IRS1 PDCD1 AKT3 1.55E-04

*The p-value means a binomial distribution and independence for the probability of any
gene belonging to any set.p-value must be less than (=<0.05). The smaller the p-value and
the pathway will be more significant.
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Table 13. Detected 59 complexes gene clusters for dataset3.

Gene Cluster

p-value from enrichr

1. STIM1 EEF2 ZBTB7A 0.01789
2. JAK2 MMP26 AKRI1C3 0.003895
3. EPB41L3CD274 FSCN1 0.02159
4. ENO2 INSR CLDN7 0.00007401
5. MTOR NEDD9 EPOR 0.0001946
6. ETV6 MTHFR CTSB 0.002997
7. NFIB PRKACA XPC 0.005241
8. CASP9 BMX TUSC3 0.007428
9. ABCC1 PROM1 NCOR1 GRPR EPHA2 0.0008445
10. SHMT1 SATB1 GDF15 NAT2 LDHA 0.002997
11. E2F3 RHOB APEX1 0.001249
12. ROCK1 LATS2 NDRG2 IFNB1 0.004942
13. IL6 MMP14 PRMT5 0.0007448
14. RARB KRAS DNMT3A UBE3A 0.00008960
15. ALK NF2 CCNE1l MVP 0.00006408
16. CPD MAP3K8 HMGB1 TGFBR2 0.004059
17. ZEB1 MICA MICB 0.001276
18. HDAC1 BRCA2 WT1 0.0001272
19. STIM1 EEF2 ZBTB7A 0.0002565
20. DNMT3B TIMP3 TAP1 0.0006617
21. NRP1 RXRB BAG1 0.005540
22. PARD3 HMGAl1 CCL2 CAT 0.00005319
23. PPARD HMOX1 NFKBIA 0.00001851
24. ITGA9 POSTN FOXAl LGALS1 0.01432
25. RICTOR APOBEC3B ADAM9 0.02263
26. CTNNB1 AXL UCHL1 SFRP1 0.0003682
27. IKBKB STAT3 POLB 0.00003211
28. GHR CEACAM1 YBX1 0.02410
29. ERCC2 COL18A1 ERCC1 0.00001619
30. PRKCE UBE2C MMP9 CD40 0.0005099
31. PRKDC SMAD2 VDR 0.0001139
32. COL1A1 CEBPB AKAP4 0.01225
33. SPAGY9 KLK10 KLK11 SMAD4 KLK13 0.01787
34. PDGFRA CBX5 POLI HNRNPAL 0.01076
35. IL6ST CDK2 ERBB3 0.0002995
36. MAP3K1 TRIM25 REST 0.00003614
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Gene Cluster

p-value from enrichr

37.PDE4D FHIT RPS6KB1 ANXA2 BCL11A PPM1D 0.0002456
SIX1 CDK1

38.ESR2 BAD ESRRA 0.0003529
39.JAK1 GNA13 WIF1 0.002066

40. EPHA5 LEPR AXIN2 RELA 0.0003752
41. AR CTCF GSTP1 0.00007007
42. GLCE CCNB1 CDK7 0.00006962
43.NCOA2 FADD CTTN 0.0001139
44. KCNMA1 PAK1 PTPN12 0.008228
45. TK1 BIRC5 ANXA3 ROBO1 0.01017

46. TIMP2 PAQR3 NFATC1 0.01135

47. CDH13 XRCC4 HPSE 0.009719
48. ABCC4 DICER1 PON1 0.001949
49. DPYD MTDH LAPTM4B 0.006735
50. IGFIR RGMB EIF4E 0.002847
51. ALDH1A3 ACHE YWHAZ 0.00007401
52. NFKB1 TMSB15A MMP7 0.002548
53. APC IL1IA AMOT 0.0003555
54. CADM1 NGF TRPS1 0.0001898
55.PVT1 ENG PTPRK RUVBL1 0.01493

56. RUVBL1 MKI67 GOLGA2 ETS1 GATA2 0.03123

57. MGATS PPP2CA RXRA 0.01713

58. ESR1 SPARC RORC MAGEA4 0.0001781
59. MAP3K1 TRIM25 REST 0.006186

*The p-value means a binomial distribution and independence for the probability of any

gene belonging to any set.p-value must be less than (=<0.05). The smaller the p-value and

the pathway will be more significant.
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Table 14. Detected 02 complexes gene clusters for dataset 4.

Gene Cluster p-value from enrichr
1. MTOR NEDD9 EPOR 0.0001946
2. MSH2 NCOA3 TIMP1 0.002066

*The p-value means a binomial distribution and independence for the probability of any
gene belonging to any set.p-value must be less than (=<0.05). The smaller the p-value and

the pathway will be more significant.

3 out of 4 datasets contain a common gene cluster that is MTOR NEDD9 EPOR. The clusters
of these genes are associated with breast cancer. These clusters are based on the similarity score
of the gene pair and the score value must not be less than 0.3.

Clusters consist of multiple genes with coordinated biological functions and/or correlated
expressions.Genes in a cluster are related. Each cluster is a group of two or more genes that
encode a specific protein or polypeptide. Even a few parts of the DNA sequence of each gene
within a cluster are found to be the same. The size of the cluster varies from a few genes to

several hundred numbers.
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4.3. Enrichment analysis

We performed enrichment analysis of 4 sets of complex gene clusters and we took the smallest
p-value for individual datasets via the enrichr software.

For dataset 1, we found only 1 complex gene cluster MTOR NEDD9 EPOR . These genes are
significantly responsible for the regulation of wound healing, spreading of epidermal cells
biological process, cytokine receptor activity molecular function, JAK-STAT signaling KEGG

pathway. The result has been given below.

_ protein serine/threonine kinase activity (GO:0004674)
_090527) protein kinase activity (GO:0004672)
_ of nuclear large rRNA transcript from RNA polymerase | promoter (GO:1901838)
-ulauon of transcription from RNA polymerase lll promoter (GO:0045945)
A. GO Biological Process (GO BP) B. GO Molecular Function (GO MF)

abolism in cancer

emia

naling pathway

'L’l

ng pathway

C.Kyoto Encyclopedia Genes and Genomes (KEGG)

Figure 3.Geneset Enrichment analysis of the disease-gene associated network (Dataset 1).

Graph bars are arranged by p-value ranking. The bar length represents the significance of that

particular gene set.
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For dataset 2, we have found 37 complex gene clusters. According to the lowest p-value 4.00E-
09from enrichment analysis, we identified SMAD4 PDGFRA KIT EGFR KDR ERBB3
genesin a cluster that belong to a particular pathway. They are responsible for the regulation of
ERK1 and ERK2 cascade biological process, transmembrane receptor protein tyrosine kinase

activity molecular function and MAPK signaling pathway. The result has been given below.

e activity (GO:0046934)

ity (GO:0052813)

1934) 35004)

47)

binding (G0:0019901)

2
3
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modification (G0:0018212)

e activity (GO:0004672)

A. GO Biological Process (GO BP) B. GO Molecular Function (GO MF)

ng pathway

ling pathway

EDI
3

in cancer

C. Kyoto Encyclopedia Genes andGenomes (KEGG)

Figure 4. Geneset Enrichment analysis of the disease-gene associated network (Dataset 2).

Graph bars are arranged by p-value ranking. The bar length represents the significance of that

particular gene set.
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For dataset 3, we have found 59 complex gene clusters. According to the lowest p-value 1.62E-
05 from enrichment analysis, we identified ERCC2 COL18A1ERCC1 genes in a cluster that
belong to a particular pathway. They are responsible for the nucleotide-excision repair, pre-
incision complex stabilization biological process, 5’ -3’ DNA helicase activity molecular

function and nucleotide excision repair pathway. The result has been given below.

SRS - co 000s09)
R o1 bircing (o 0003697)
B co- 0006281 . oo o0z
A. GO Biological Process (GO BP) B.GO Molecular Function (GO MF)
Wudeotide excisonrepair
e
-slion and absorpti

C. Kyotos Encyclopedia Genes and Genomes
Figure 5.GenesetEnrichment analysis of the disease-gene associated network (Dataset 3).

Graph bars are arranged by p-value ranking. The bar length represents the significance of that

particular gene set.



For dataset 4, we have found 2 complex gene clusters. According to the lowest p-value
0.000195, we have identified MTOR  NEDD9 EPOR genes in a cluster that belong to a
particular pathway the same as dataset 1. These genes are significantly responsible for the
regulation of wound healing, spreading of epidermal cells biological process, cytokine receptor

activity molecular function, JAK-STAT signaling KEGG pathway. The result has been given

below.

_ protein serine/threonine kinase activity (G0:0004674)

o filarment organization (60/o09052 protein kinase activity (G0:0004672)

_ of nuclear large rRNA transcript from RNA polymerase | promoter (GO:1901838)
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Figure 6. Geneset Enrichment analysis of the disease-gene associated network (Dataset 4).

Graph bars are arranged by p-value ranking. The bar length represents the significance of that

particular gene set.
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Chapter 5

Discussion
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Discussion

In the present study, genes were collected from lung cancer, prostate cancer, and breast cancer,
finally matched with reference genes and retrieved matched genes. As 80% of genes were from
breast cancer but the common gene cluster MTOR NEDD9 EPOR was found mostly related
to lung cancer and colon carcinomas (Pranabananda et al., 2013). This common gene cluster
belongs to the JAK-STAT pathway which is common for various cancers. Dysregulation of the
JAK-STAT pathway in T helper cells may result in different types of immune disorders
(Farhadet al., 2017). 3 out of 4 datasets contain the MTOR NEDD9 EPOR gene cluster. The
JAK-STAT pathway plays a vital role in cytokine-mediated immune responses. Many studies in
the JAK-STAT pathway have enlightened its roles in different types of cellular processes such as
proliferation, apoptosis, and migration, and have identified dysregulation of the JAK-STAT

pathway in a variety of cancer (Pranabananda et al., 2013).

The Signal Transducers and Activators of Transcription (STAT) interfere in tumor suppression
through an epigenetic mechanism. STAT5A is engaged in stabilizing heterochromatin, hence
giving protection from cancer. This rising site of research may cause drug development in the

argument against cancer (Pranabananda et al., 2013).

In the present study, other gene clusters are SMAD4 PDGFRA KIT EGFR KDR
ERBB3 and ERCC2 COL18A1 ERCCL1 from dataset 2 and dataset 3 with the lowest p-value.
They follow the MAPK signaling pathway and the nucleotide excision repair pathway. Both of

these pathways play a vital role in various cancer development.

In the case of dataset2, the SMAD4 PDGFRA KIT EGFR KDR ERBB3gene cluster

follows the MAPK signaling pathway. Many studies found that the mitogen-activated protein
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kinase (MAPK) pathway plays an important role in the regulation of gene expression, cellular
growth, and survival. Abnormal MAPK signaling may cause increased or uncontrolled cell
proliferation and resistance to apoptosis (Weibin et al., 2019). It is a complex signaling pathway
involved with oncogenesis, tumor progression and drug resistance. Various cancers are
diagnosed due to dysregulation of the MAPK signaling pathway through multiple mechanisms,
including abnormal expression of pathway receptors and/or genetic mutations that occur
activation of receptors and downstream signaling molecules where the specific stimuli are
absent. As this pathway is resistant to drugs, particularly because of the high degree of
interactions and possible compensatory responses.The multi-targeted approach is applied to
eradicate the event of resistance over activation of compensatory pathways which is related to

MAPK (Cornelia et al., 2019).

In the case of dataset 3, the ERCC2 COL18A1 ERCC1 gene cluster follows the nucleotide
excision repair pathway. Nucleotide excision repair (NER) is the most important pathway used
by mammals to abolish bulky DNA lesions, for example, those produced by UV light,
environmental mutagens, and some cancer chemotherapeutic adducts from DNA. For cancer
development, the main factor is DNA damage which has been identified long ago. When
inaccurate DNA repair causes mutations or chromosomal peculiarity that affects oncogenes and
tumor suppressor genes as a result cancerous growth occurs when cells undergo malignant
transformation. Various types of cancer are possible because of the mutations in specific DNA

repair system (Alessandro et al., 2015).

Another study found that seven genes RDH5, RDH8, RDH10, RDH11, RDH12, RDH13,
RDH14 from beast cancer associated with retinoid metabolic biological process, retinol

dehydrogenase activity molecular function and retinol metabolism KEGG pathway (P-value
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<1E-06) (Ajwad,2017). Retinoid receptors initiate various effects of retinoids, such as
metabolize estrogen in human breast carcinomas (Ginestier et al., 2009; Suzuki et al., 2001). So
that, retinoids (such as vitamin A and its natural and synthetic analogs) have been used as
potential chemotherapeutic or chemopreventive agents because of their difference, anti-
proliferative, pro-apoptotic properties.Retinoids may have a potential role in chemotherapy for
breast cancer patients (Ajwad,2017).In this study we found three genes MTOR NEDD9
EPOR in 3 out of 4 datasets that are related to the regulation of wound healing and spreading of
epidermal cells biological process, cytokine receptor activity molecular function and JAK-STAT
signaling KEGG pathway.The Janus kinase (JAK)-signal transducer and activator of
transcription (STAT) pathway is important for immune system development in the human body,
mainly cytokine receptors and they can polarize T-helper cells. T-helper cells are responsible to
help the other cells to recognize any foreign substance like cytokine. Cytokine activates T-cells
and B-cells. If any dysregulation occurs in this pathway, then the patient must be suspected of
lung cancer, colon cancer or breast cancer. STAT has five types of protein. One of them STAT3
and STATS5 regulates the growth of cancer cells. To develop therapies main focus on suppressing
the activity of STATSs. Witacnistinis a natural product that constrains the binding of STAT3 and
STATS to the cytoplasmic region of receptors, thus inhibiting the recruitment of STATSs for
phosphorylation (Zhang et al, 2014). It has been processed to reduce the activity of STAT3 and
STATS in cancer cell culture. The natural product small-molecule Wit inhibits the recruitment of
STAT3 and STATS5 to growth factor and cytokine receptors, tyrosine phosphorylation, nuclear
translocation, and DNA binding, that results in inactivation and inhibition of malignant
transformation of STAT3 and STAT5 (S J Thomas et al., 2015).Witacnistin may be a potential

anticancer drug not only for breast cancer but also for lung cancer and colon cancer
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Conclusion

As genes interact with each other very closely, so any type of cancer is a result of coordinated

dysfunction of closely connected gene network enriched with all information of cancer mutation.

We established an analysis to detect disease-gene associated networks using lung cancer, breast
cancer, and prostate cancer. For this, we identified the reference genes from clinical data of
breast cancer patients and found matched genes from common genes and reference genes. After
detecting matched genes we identified overlapping genes and made gene pairs to calculate the
similarity coefficient. Using these similarity scores and mutation frequency of those matched
genes we created gene clusters or networks. Each network has a pathway. So according to p-
value ranking, we took the lowest p-value containing gene cluster for analysis. Finally, we found
a gene cluster that is common in 3 out of 4 datasets and enriched with the JAK-STAT signaling
pathway.The JAK-STAT pathway plays a vital role in cytokine-mediated immune responses.
Many studies in the JAK-STAT pathway have enlightened its roles in different types of cellular
processes such as proliferation, apoptosis and migration, and have identified dysregulation of the
JAK-STAT pathway in a variety of cancer. (Pranabananda et al., 2013). Witacnistin is a natural
product that has the ability to protect this pathway from cancer. This natural product may be a

potential anticancer drug not only for breast cancer but also for lung cancer and colon cancer.

In this work, an interesting feature has been noticed. Though 80% of genes are related to breast

cancer the common gene cluster pathway is identified for lung cancer and colon carcinomas.

So this common gene cluster can be the biomarker for breast cancer, lung cancer, and colon

carcinomas.
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6.2. Future Works

Further studies must be needed on these pathways to develop new drugs for better treatment.
Survival plot should be performed as well to analyze the mutation pattern of the genes in the

disease-gene associated network with the cancer patients.
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