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SUMMARY

Cancer is one of the most common diseases, in 21th century cause death.
However, the main cause of death in cancer is not the primary tumor, it is the metastatic
tumors that can appear even after decades of primary tumor. Metastatic tumors are
more agressive than primary tumors, and they significantly decrease the survival time
of the patients. In cancer, the functioning mechanisms of cell are disrupted, causing
uncontrolled division of the cells. Therefore, conventional cancer treatments aim to
kill dividing cells. Metastatic cells, after separation from the primary tumor, enter a
state called “dormancy”, where they may stop their division for years and then cause
the relapse of disease. Consequently, dormant tumors can not be destroyed with
conventional therapies. Discovery of intracellular mechanisms of the pre-metastatic
dormant cells has a great importance for the complete treatment of cancer without
recurrence. In recent years, mapping of transcriptome data on genome-wide interaction
networks to illuminate the mechanisms within the cell is a widely used system biology
method in the literature. In this study, transcriptomic data of 7 human and 3 mouse
datasets selected from the literature including dormancy and cancer states were
mapped to protein-protein interaction networks and gene-regulatory networks to
extract subnetworks that are enriched in significantly changed genes.
KeyPathwayMiner and BioNet tools were used for these analyses. The genes in the
obtained subnetworks were scored based on their number of presence in the protein-
protein interaction subnetworks and gene-regulatory subnetworks obtained from each
dataset. The genes with high scores have been estimated to have an important role in
cancer dormancy mechanism. Finally, drugs that target these important genes were
identified through DrugBank-based drug repositioning analysis. The results will
contribute to the elucidation of intracellular mechanisms involved in cancer dormancy

and to discovery of new drugs to target dormant tumor cells.

Key Words: Bioinformatics, Systems Biology, Transcriptomics, Protein-Protein
Interaction Networks (PPIN), Gene-Regulatory Networks (GRN), Metastasis.



OZET

Kanser, 21. ylizyilda 6liime sebep olan hastaliklarin en énemlilerinden biridir.
Fakat kanser hastalarinin 6liim nedeni ¢ogunlukla birincil timdrler degil, hastaligin
baslamasindan yillar sonra bile ortaya ¢ikabilen metastatik tiimorlerdir. Bu metastatik
tiimorler ana tiimorden daha agresiftir ve hastalarin hayatta kalma siirelerini 6nemli
oranda  diisiirmektedir. ~ Kanserde  hiicrenin  isleyisindeki  mekanizmalar
bozularakhiicrenin kontrolsiiz boliinmesine sebep olur. Bu sebeple, kanser tedavileri
bu sebeple boliinen hiicreleri 6ldiirmeyi hedeflemektedir. Metastatik hiicreler ise ana
tiimorden ayrildiktan sonra “uyku hali” denilen bir duruma girerek boliinmelerini
yillarca durdurabilir ve sonrasinda hastaligin niiks etmesine sebep olabilirler. Bu
sebeple klasik tedaviler ile 6ldiiriilememektedirler. Bahsi gecen metastaz 6ncesi uyku
halindeki hiicrelerin hiicre i¢i mekanizmalarinin ¢oziilmesi, kanser niiks etmeden
tamamen tedavi edilebilmesi i¢in biiylik 6nem tasimaktadir. Son yillarda, hiicre
icindeki mekanizmalarin aydinlatilmasi i¢in transkriptom verilerinin genom ¢apl
etkilesim aglarina haritalanarak anlamli degisen genlerce zengin alt-aglarin bulunmasi
literatiirde ¢okg¢a uygulanan bir sistem biyolojisi yontemidir. Bu kapsamda,
literatiirden se¢ilen 7 insan ve 3 fare verisetinin kanser uyku hali ve kanser durumlarini
iceren transkriptomik verileri protein etkilesim aglarina ve gen regiilasyon aglarina
haritalanarak anlamli degisen genlerce zengin alt-aglar bulunmustur. Bu analizler i¢in
KeyPathwayMiner ve BioNet araglar1 kullanilmistir. Elde edilen alt-aglardaki genler,
farkli verisetlerinden elde edilen protein etkilesim alt-aglar1 ve gen-regiilasyon alt-
aglarinda bulunma sayilarina gore skorlanmistir. Bu skorlamada yiiksek skorlu genler
tespit edilerek kanser uyku hali mekanizmasinda 6nemli role sahip genler tahmin
edilmistir. Son olarak elde edilen bu genleri hedef alan ilaclar DrugBank veritabani
kullanilarak ila¢ yeniden konumlandirma caligmasi ile belirlenmistir. Sonuglar, kanser
uyku halinde rol alan hiicre i¢i mekanizmalarin aydinlatilmasina ve uyku halindeki kanser

hiicrelerini hedefleyen yeni ilag hedeflerinin bulunmasina katki saglayacaktir.

Anahtar Kelimeler: Biyoinformatik, Sistem Biyolojisi, Transkriptom, Protein-
Protein Etkilesim Aglar1 (PPEA), Gen-Regiilasyon Aglar1 (GRA), Metastaz.
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1. INTRODUCTION

Cancer is a complex disease, causing many deaths currently. Both genetic,
epigenetic and environmental factors are involved in the development of this disease.
In cancer, cellular mechanisms are disrupted, and this leads to uncontrolled division
of cells. However, the exact mechanisms that underlie the disease are still unknown.
On the other hand, most of the deaths caused by cancer are due to cancer metastasis.
Metastasis is the spread of cancer from the primary tissue to other parts of the body.
Cancer metastasis can occur even years after the treatment of the primary tumor. This
IS because metastatic cancer cells go into a special condition called “dormancy”.
Dormant cells stop their division before metastasizing and protect themselves from
immune system and from treatments such as chemotherapy. For this reason, it is
important to target the dormant cancer cells for effective treatments.

The use of computational methods in understanding cellular mechanisms is a
relatively new but rapidly developing field. Especially with the advances in sequencing
technologies, it has become very easy to obtain omic data such as genome, proteome
and transcriptome. In addition, many bioinformatics tools are being developed to
analyse and annotate the data. Mapping of the transcriptome data on genome-wide
cellular networks, such as protein-protein interaction or gene-regulatory networks, to
elucidate subnetworks that are enriched in significantly changed genes is one of the
methods to analyse omics data. This approach is called subnetwork discovery. There
are many different tools developed for subnetwork discovery, which use different
algorithms to predict subnetworks. Batra and colleagues in their study [Batra et al.,
2017], by comparing subnetwork discovery tools, reported that KeyPathwayMiner
(KPM) and Bionet tools led to better results than other tools.

In this study, datasets containing dormant and proliferative samples of different
cancer types were downloaded from the Gene Expression Omnibus (GEO) database.
Differential expression analysis was performed for each dormant-proliferative data
pair. p-values of differential expression analyses were used for subnetwork discovery
analyses of each dataset. Subnetwork discovery analyses were performed by
KeyPathwayMiner and tools. Then, each gene was scored based on the number of
subnetworks they appeared. Genes were filtered based on this score, and high-scoring

genes were suggested as drug target candidates. Finally, drugs targeting these



candidate genes were identified by drug repositioning.

The main aim of the study is to elucidate cellular mechanisms that cause
adaptation of dormant cells to survive and to identify candidate drugs to destroy
dormant cancer cells for efficient cancer therapy. Chapter 2 includes literature
information on cancer, dormant cancer cells and computational techniques. Chapter 3
explains the datasets and methods that were used in the analyses. Chapter 4 presents
results on protein-protein interaction networks and Chapter 5 includes results of gene-
regulaory networks. Major results are discussed in Chapter 6, and Chapter 7 includes

the conclusions of the study and recommendations for future work.



2.BACKGROUND ASPECTS

2.1. Cancer

Cancer is one of the common causes of deaths in the 21st century. Globally,
about 1 in 6 deaths is owing to cancer, according to the World Health Organization’s
(WHO) 2018 data. The incidence was 18.1 million new cancer cases, and mortality
was 9.6 million cancer deaths in 2018 [Bray et al., 2018]. Cancer is a collection of
diseases that may have different molecular types depending on the tissue of origin. In
brief, cancer is malfunctioning of the cells, which proliferate unrestrainedly. Molecular
mechanisms that are responsible for cancer progression are quite complex.
Impairments in the immune system, impaired metabolism or some viruses have been
shown to cause cancer [Mutch et al., 2018]. At the molecular level, gene mutations
and epigenetic alterations play an important role in cancer etiology. Figure 2.1
[Garnham et al., 2019] shows the known hallmarks of cancer and involved major

genes.
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Figure 2.1: Hallmarks of cancer.

As the disease progresses, cancer cells need an appropriate environment for

growth and survival. Therefore, they modulate their extracellular matrix (ECM).



Another challenge in cancer progression is hypoxia. When tumor mass increases,
oxygen access decreases for inner cells, and they get hypoxic [Ayob and Ramasamy,
2018]. In this case, angiogenesis is activated to form new vessels to feed cancer cells.
In cancer cells, autophagy has controversial roles. It has both suppressing and
supporting roles in tumor cells [Bishop and Bradshaw, 2018]. Evidence suggests that
autophagy suppresses tumor cells in the initiation of disease, but if the disease is
progressed autophagy helps cancer cells to survive in stress conditions such as hypoxia
by promoting quiescent state [Singh et al., 2018].

Early-diagnosed cancer is largely curable. However, in later stages when cancer
has already progressed and metastasized to other tissues, it often shows more
aggressive and untreatable profile. Even when cancer is diagnosed at an early stage
and treated, residual tumor cells can remain in the body and cause recurrence and

metastasis of the disease [Ayob and Ramasamy, 2018].

2.2. Metastasis

The cause of most of the cancer-related deaths is metastasis, which is the
spreading of cancer cells to different tissues. Although significant advances have been
made in clinical oncology, metastasis remains a major challenge in cancer therapy.

Metastasis mechanisms can be summarized in 7 steps. First step is local invasion
of the tumor cells, second one is intravasation from local tissue to blood vessels, third
is dissemination in circulation, fourth is arrest at microvasculature of a distant tissue,
fifth is extravasation from blood vessel to distant tissue, sixth is micrometastasis and
seventh is macrometastasis [Gomis and Gawrzak, 2016]. In the first step, tumor cells
proliferate in the primary tissue. In the second step, epithelial to mesenchymal
transition occurs [Jie et al., 2017]. One of the most important events in metastasis
progression is epithelial to mesenchymal transition (EMT). In EMT, cancer cells
change their epithelial character to mesenchymal. It means that they are separated from
primary tissue and become motile and, thus, they can diffuse to the blood circulation.
EMT allows cancer cells to gain migratory and invasive character. [Liu et al., 2017].
After EMT stage, cancer cells are referred as circulating tumor cells (CTCs). Some of
these CTCs are capable of migrating to distant tissues, and they are called disseminated
tumor cells (DTCs). The metastatic tissue imposes many stress factors on DTCs such

as immune response. Therefore, some of DTCs enter dormancy to be able to survive



in the metastatic tissue and adapt the conditions [Dasgupta et al., 2017]. Dormant
DTCs in a metastatic tissue constitute the micrometastasis step [Nakanishi et al.,
2004]. When micrometastatic cells find a suitable environment, they start proliferation
again, and macrometastasis occurs. Figure 2.2 [Aguirre-Ghiso et al., 2004] shows the

progression of metastasis.
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Figure 2.2: Steps of metastasis of invasive carcinoma.

2.3. Cancer Cell Dormancy

Tumor dormancy is a stage of cancer in which cancer cells are present but not
clinically detectable [Paez et al., 2012]. Dormancy provides an advantage to cancer
cells to escape from treatment and stay asymptomatic for years or even decades after
treatment. Cancer cells can stay dormant in primary tumor or they get dormant when

they disseminate [Senft and Ronai, 2016]. Cancer cell dormancy is a complex event



and there are several underlying mechanisms. Recent studies suggested that there are
two mechanisms of cancer cell dormancy. First mechanism is “tumor mass dormancy”
and the second one is “cellular dormancy” [Endo and Inoue, 2019]. Tumor mass
dormancy also is also divided into two branches based on the form of formation;

“angiogenic dormancy” and “immunologic dormancy” (Figure 2.3).
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Figure 2.3: Types of cancer cell dormancy.

Besides, cellular dormancy is not only observed in tumor cells in human. Some
stem-cell types in human, such as hematopoietic stem cells, also switch from dormancy
to proliferative stage naturally to keep their self-renewal potentials [Gomis and
Gawrzak, 2016].

2.3.1. Tumor Mass Dormancy

Tumor mass dormancy is defined as the balance between death and proliferation
of cancer cells [Endo and Inoue, 2019]. As a result of this balance, tumor mass remains
unchanged for a period of time There are two suggested mechanisms; angiogenic
dormancy and immunomediated dormancy [Endo and Inoue, 2019]. Since tumor cells
need oxygen and nutrients to survive, angiogenesis is important for them. If tumor
cells cannot reach blood vessels, they are unable to survive. Angiogenic dormancy is
the equilibrium between proliferation and death rate of tumor cells due to lack of blood
vessel connection [Endo and Inoue, 2019]. However, recent studies also showed that
CTCs mostly seed in oxygen-rich environment. Therefore, until tumor reaches a
certain mass there should be other active dormancy mechanisms [Yeh and

Ramaswamy, 2015]. The other proposed tumor mass dormancy mechanism is



immunomediated dormancy. In this hypothesis, immune system endeavors to destroy
tumor cells but it does not succeed completely, and there is an equilibrium between
proliferation and death of tumor cells [Paez et al., 2012]. Interestingly, recent studies
showed that GO arrest is seen in not only cellular dormancy but also tumor mass
dormancy [Gomis and Gawrzak, 2016]. Figure 2.4 [Yadav et al., 2018] shows the

mechanisms of tumor mass dormancy.
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Figure 2.4: Cellular mechanisms of tumor mass dormancy.

2.3.2. Cellular Dormancy

In cellular dormancy, which is also known as solitary cell dormancy, growth and
death rates of cancer cells are minimum [Endo and Inoue, 2019]. Cells are arrested in
GO0/G1 transition of cell cycle. Ki67, which is a cell proliferation marker, is also used
as cellular dormancy marker. Cells in cellular dormancy are Ki67 negative because
they stop proliferation [Aguirre-Ghiso et al., 2004]. Cells are in a stationary phase but
this stationary phase is reversible [Gomis and Gawrzak, 2016]. Cells can exit from

GO/G1 arrest and continue to proliferate.



There are several biological pathways that play a role in cellular dormancy. The
cell decides whether or not to enter the cell cycle in late G1 phase. Cell cycle
progression continues via the dissociation of the transcription factor E2F from Rb in
G1 [Yeh and Ramaswamy, 2015]. Studies show that the two signaling pathways that
directly activate the cell cycle, Ras-MEK-ERK/MAP and PI(3)K-AKT, are
downregulated during cancer cell dormancy [Aguirre-Ghiso et al., 2004, Dey-Guha et
al., 2011, Lu et al., 2008]. In addition, signaling through the extracellular matrix is
another important pathway for cellular dormancy. Integrins, which are transmembrane
receptors, communicate with ECM and activate several intracellular pathways.
Inactivation of integrin signaling in metastatic cancer cells stops the proliferation of
cancer cells [Shibue and Weinberg, 2009]. Also, stress response such as autophagy
stimulates cell dormancy [Yeh and Ramaswamy, 2015]. Figure 2.5 [Yadav et al.,

2018] shows the mechanisms of cellular dormancy.
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2.4. Transcriptome

Human genome includes gene coding sequences (exomes) and non-coding
sequences. Copying of gene encoding regions to create RNA is called transcription.
The whole set of transcribed RNA in the cell is called transcriptome. Human genome
consists of 3 billion base pairs. Only 30-45 million base pairs within the whole genome
correspond to exome, the coding regions. Therefore, transcriptome is a very powerful
tool to study the genetic disorders.

There are two major techniques to collect transcriptome data: microarrays and
RNA-sequencing. Microarray technology was firstly introduced by Patrick Brown and
their colleagues in 1995 [Schena et al., 1995]. Microarray contains tiny spots that
include oligonucleotides with known sequences. Due to the hybridization of sample
fragments to array, expression levels of sample fragments can be measured. RNA
microarrays are used to measure mRNA expression levels to identify disease causing
genes, pathways or gene networks [Sealfon and Chu, 2011]. Next-generation
sequencing (NGS) allows the sequencing of millions of small fragments in parallel,
and gathers these fragments by mapping the individual fragments to the reference
genome by using bioinformatics tools [Behjati and Tarpey, 2013]. The use of NGS
approach in RNA sequencing (RNA-seq) is another alternative technique to obtain
transcriptome data. By RNA-seq, all transcripts in the cell can be profiled and
quantified after alignment to the reference genome [Wang et al., 2009]. Recent
developments in sequencing technologies and experimental methods enable the
quantification of transcriptome of individual cells. This technology is called single-
cell RNA-seq (scRNA-seq). Thanks to scRNAseq, transcriptome of rare cell types in
tissue population can be quantified.

2.5. Biological Networks

Network-based methods are among frequently used systems biology techniques.
Networks consist of nodes and edges. Nodes are the main components of a network,
and edges represent the interactions between nodes. Networks are used for the
modelling of biological systems [Lotfi Shahreza et al., 2018]. In biological networks,

nodes can represent biological molecules such as genes and/or proteins. Edges



represent the interactions between these components, such as the regulatory
relationship between a gene and a protein, or protein-protein interactions. Number of
edges owned by a node is called the degree of the node. In a biological network, some
nodes have higher degrees than others. The high-degree nodes are called hub nodes.
Since hub nodes interact with many nodes, they are considered as important nodes in
the network. Biological networks show scale-free behavior, which means that the
number of hub proteins are low and the number of non-hub proteins are high [Fionda,

2019]. Figure 2.6 shows an example of scale free network and network elements.

edge

Figure 2.6: Example of a scale-free network.

There are several databases for access to known biomolecular interactions, such
as BioGRID [Chatr-aryamontri et al., 2017], KEGG [Kanehisa et al., 2015], IntAct
[Hermjakob, 2004], MINT [Chatr-aryamontri et al., 2007], TRRUST [Han et al.,
2018], and RegNetwork [Liu et al., 2015]. In these databases, information on
biological interactions such as protein-protein interactions or DNA-gene interactions
are stored. Information on interactions can be obtained by different techniques such as
experimental methods, text mining algorithms or artificial intelligence. Experimental
methods can be used to measure physical (direct) or functional (indirect) interactions.
In addition, text mining can be used to scan the articles in the literature with machine

learning algorithms to detect the interactions reported in articles.
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2.5.1. Protein-Protein Interaction (PPI) Networks

A protein-protein interaction network includes the whole set of protein-protein
interactions of a given organism [Fionda, 2019]. In PPI networks, nodes represent
proteins and edges represent interactions between proteins.

Main techniques to infer PPIs of a given organism are affinity purification
followed by mass spectrometry and yeast two hybrid system. Because experimental
methods are expensive and they have the possibility of detecting false positive
interactions, computational methods are also used to predict PPIs [Huang et al., 2016].
Identified protein-protein interactions are collected in PPI databases for easy access by
researchers.

PPI networks play an important role in systemic understanding of cellular and
metabolic pathways of organisms to discover new therapies for the treatment of
diseases [Folador et al., 2019]. Especially, computational methods that integrate omics
data with PPI networks are widely used to discover proteins that are linked to disease
etiology.

2.5.2. Gene Regulatory (GR) Networks

Gene regulatory networks are constructed by the connecting the transcription
factors (TFs) to their downstream genes. These networks describe the molecular
regulation of a specific cell function such as cell cycle control [Halfon, 2017]. In GR
networks, nodes represent transcription factors and genes; edges represent regulation
between the TF and the gene. In many aspects, GR networks are similar to PPI
networks. Gene-regulatory interactions are inferred experimentally or predicted
computationally. Widely used experimental methods are CHIPseq and RNAseq
[Angelini and Costa, 2014]. Unlike PPI networks, edges in GR networks are directed.
Edges originate from TFs and end in the genes regulated by the TFs in question.

In complex diseases such as cancer, regulation mechanisms have crucial roles in
disease progression. Therefore, the identification of gene-regulatory networks

underlying the disease mechanisms is important for treatment and drug development.
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2.6. Integration of Transcriptome Data with Biological
Networks

As mentioned in a previous section, with the developing technology, genome
and exome data have become very easy to access. For instance, data from more than
120,000 datasets are freely available at the microarray and next-generation sequencing
data repository, Gene Expression Omnibus (GEO) [Barrett et al., 2013]. However,
currently, the main challenge is processing and interpretation of this very large data.
For this purpose, many bioinformatics tools have been developed and continue to be
developed based on different systems biology techniques.

Network models that are formed by mapping high-throughput data onto
interaction networks are useful tools to analyze omics data in a systems context. The
mapping means numerical values that come from statistical analysis of high-
throughput data, i.e. p-value of Gene A, are matched with the corresponding nodes in
interaction networks, i.e. node of Gene A. By mapping the omics data such as gene
expression data on a molecular interaction network, the relations between genes
become easy to see [Kedaigle and Fraenkel, 2018]. Therefore, researchers can focus
on specific parts of a biological system, which are more affected than others. Also,
network models have potential to reveal novel genes that are not differentially
expressed, and, therefore, cannot be detected by the analysis of only differentially
expressed genes (DEG). For example, to identify markers of metastasis within gene
expression data, Chuang et. al. applied protein-interaction-network-based approach in
breast cancer studies and reported that known breast cancer related genes, which are
typically not detected through differential expression analysis, play a crucial role in
the protein network by interconnecting many differentially expressed genes [Chuang
etal., 2007].

In literature, different techniques were proposed for integrating omics data with
biological networks. One of these techniques is active-module detection through
network projection of omics data [Mitra et al., 2013],known also as subnetwork
discovery. Bioinformatics tools that are based on this technique maps omics data on
large-scale interaction networks to infer functional subnetworks. Some tools that use
this technique are BioNet [Beisser et al., 2010], jActiveModules [Cline et al., 2007]
and KeyPathwayMiner [Alcaraz et al., 2016]. Yang et. al. applied BioNet to discover

subnetworks that are affected when prostate cancer associated transcript 1 (PCAT1) is
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silenced. They found that PCAT1 plays an important role in the cell cycle and
tumorigenesis of prostate cancer cells by mediating the expression of genes that were
recently associated with cancer [Yang et al., 2019]. In another study, to understand
the role of BORIS gene in ovarian cancer, the authors formed BORIS knockdown and
knockout models and analyzed subnetworks using KeyPathwayMiner [Salgado-
Albarran et al., 2019]. BORIS is proposed by NCI as one of the most promising cancer
antigens because its deregulation is related to oncogenic properties. BORIS is reported
to be regulator of many genes that act as a transcriptional suppressor [Salgado-
Albarran et al., 2019].

2.7. Drug Repositioning

The term “drug repositioning” was firstly introduced by Ashburn and Thor in
2004 [Ashburn and Thor, 2004]. Drug repositioning, also called drug repurposing, is
discovering new indication of an existing drug which is different from original medical
indication. Drug repositioning is faster, cheaper and safer alternative of traditional de
novo drug discovery pipelines [Dudley et al., 2011]. Due to these advantages, drug
repositioning studies are gradually increasing in the literature. There are different
approaches for drug repositioning in the literature such as computational approches,
experimental approaches and mixed approaches [Xue et al., 2018]. Experimental drug
repositioning methods are more challenging because mechanisms for most of the drugs
are unknown [Moridi et al., 2019]. Computational approaches do not require
information on the mechanisms of drugs, and they are faster and cheaper than
experimental methods.

Computational drug repositioning approaches aim to find new uses of known
drugs using systems biology and bioinformatics tools. Thanks to advances in
sequencing technologies, both genomic databases such as GEO [Barrett et al., 2013],
GenBank [Clark et al., 2016], PDB [Burley et al., 2018] and disease and drug databases
such as KEGG [Kanehisa et al., 2015], DrugBank [Wishart et al., 2018], OMIM
[Amberger et al., 2015] have been developed. Consequently, the computational tools
for processing the information in these databases are developing rapidly. Thus,
computational drug repositioning studies rapidly increased over the last decade.
DrugBank is a free-access database that comprise drugs and drug targets. It includes

small molecule drugs, approved biologics (proteins, peptides, vaccines, and
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allergenics) and experimental (discovery-phase) drugs [Wishart et al., 2018]. One
approach of drug repositioning is comparing puroposed drug target gene list with
DrugBank drug target list. By this method drugs that target proposed genes can be

elucidated.
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3. METHODS

3.1. Downloading Transcriptome Datasets from GEO

Transcriptome data of proliferative, dormant or post-dormant cancer cells of
human or mouse origin were obtained from GEO database [Barrett et al., 2013].
Microarray datasets were downloaded from GEO using R programming language,
through “getGEO” function of GEOquery library in BioConductor package in R
[Davis and Meltzer, 2007]. This function only needs GSE ID of a transcriptomic
dataset to download it. getGEO function has an optional input, “AnnotGPL=TRUE”,
which can be used to download and implement GPL file to GSE data. GSE code is a
unique ID for each dataset entry in GEO. A GSE-coded dataset includes the expression
data of all samples in a study and meta-information about that study. In GSE-coded
datasets, genes are represented with their probe IDs. To convert theprobe IDs to gene
symbols or gene IDs, GPL file is required. GPL ID is a unique ID for each platform
entry. Platform records include probe IDs for that particular microarray design and
information on corresponding genessuch as gene names, Entrez IDs. RNAseq and
single cell RNAseq data were downloaded from GEO database manually by using
GSM IDs. GSM 1D is a unique ID for each sample in a study. If a dataset has 20
samples, for example, the dataset will have a single GSE ID, and each of the samples
will have separate GSM ID. In GEO database, there is an individual webpage for each
GSM ID. The GSM file of each sample of an RNAseq dataset was downloaded
separately from the supplementary information section of the GSM webpage in GEO
database, and they were later combined in an Excel file. The Excel file was read by R,
and Ensembl IDs of the genes were converted to Entrez IDs by using “maplDs”
function of “AnnotationDbi” library in R [Pages et al., 2019]. This function receives
4 inputs. The first input is, the annotation data of the organism for which the genes to
be transformed are available. The second input, list of input genes. The third input
specifies the gene ID format of the input genes, for example ENSEMBL. The fourth
input specifies the desired gene ID format for the output,, for example ENTREZ ID.
Once these inputs are given, the function returns the converted list of gene IDs in the

desired format.
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3.2.

Transcriptome Datasets Used in this Study

In order to study the changes of cancer cells in the dormant state, the GEO

database was searched for the datasets containing the word "dormancy". The datasets

found were filtered to include only RNAseq or microarray data and to be human or

mouse data. While the data were chosen to be suitable for statistical analysis, those

which did not include both cancer and dormant conditions and those which did not

have at least 2 replicates for each conditions were eliminated. A total of 10 datasets

were found to meet all these criteria. Table 3.1 gives basic features of the 10 datasets

that were chosen from literature for this thesis study. A short information is given

below for each dataset.

Table 3.1: Selected transcriptome datasets and their features.

GEO Code |Organis |Cell Type Experimental Reference
m Method

GSE35947 |Homo Bladder Cancer Microarray [Hurst et al.,
sapiens 2013]

GSE83142 |Homo Acute RNAseq, [Ebinger et al.,
sapiens | Lymphoblastic SCRNAseq 2016]

Leukemia

GSE114012 |Homo Colorectal Cancer |RNAseq [Buczacki et al.,
sapiens | Spheroids 2018]

GSE102483 |Homo Acute Myeloid Microarray [Al-Asadi et al.,
sapiens | Leukemia 2017]

GSE20611 |Homo Breast Cancer Microarray [Luetal., 2011]
sapiens

GSE64262 |Homo Prostate Cancer Microarray [Ruppender et
sapiens al., 2015]

GSE77379 |Homo Prostate Cancer Microarray [Shiozawa et al.,
sapiens 2016]

GSE57695 | Mus Myeloma Cells Microarray [Lawson et al.,
musculus 2015]

GSE112094 | Mus Breast Cancer RNAseq [Vera-Ramirez et
musculus al., 2018]

GSE131890 | Mus Breast Cancer Microarray [La Belle Flynn
musculus etal., 2019]

GSE35947 bladder cancer dataset includes two cell lines; JB-V and J82 [Hurst

et al., 2013]. The experimental design comprises growth of cell lines on different

extracellular matrix material. One of these ECM material is referred as Plastic, which

includes collagen. In plastic ECM material, tumor cells are proliferative. Another
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ECM material is called SISgel. In SISgel, the malignant phenotype of cancer cells is
suppressed, and the cells are in dormant state. Transcriptomic data of the growth of
JB-V and J82 cell lines on S1Sgel and Plastic (dormant and proliferative) material were
used in this study. The dataset includes 3 dormant and 3 proliferative samples for each
cell line.

GSEB83142 dataset includes both RNAseq and single-cell RNAseq data of Acute
lymphoblastic leukemia cell line in dormant and proliferative conditions [Ebinger et
al., 2016]. In the experimental design of the study, a proliferation-sensitive dye, CFSE,
was used in patient-derived xenografts. Human acute Imphoblastic leukemia cells were
isolated and stained with proliferation-sensitive dyes. These cells were then
implemented to mice. Proliferation-sensitive dyes remain stable in mice for a long
time. Loss of the dye was used to distinguish slowly and rapidly growing cells. If dye
remain in cells, these cells were called label-retaining cells (LRC) and they were
considered as dormant. The LRC undergoes up to three divisions within 21 days. If
the dye does not retain cells,these cells called non-label-retaining cells (non-LRC) and
considered as proliferative. RNAseq data consists of 5 dormant and 5 proliferative
samples, and sSCRNAseq data consists of 15 dormant and 35proliferative samples.

GSE114012 dataset includes six different colorectal cancer cell lines, which are
DLD1, HCT15, HT55, SW948, RKO, and SW48 cell lines [Buczacki et al., 2018].
The cell lines were labeled with dye CFSE and cultured 6 days. After 6 days, dormant
cells had remained colored (LRC), but proliferative cells were color-free. Then,
RNAseq data analyses were performed for each cell line in both dormant and
proliferative conditions. The dataset included 4 proliferative and 4 dormant samples
for each cell line.

GSE102483 dataset includes microarray data of acute myeloid leukemia cells in
dormant and proliferative conditions [Al-Asadi et al., 2017]. In that study, cancer cells
were brought to dormancy by TGFB1 and rapamycin treatment. Non-treated cancer
cells were proliferative, and they were used as control. There are 3 dormant and 3
proliferative samples in the dataset.

GSE20611 dataset includes dormant and post-dormant microarray data of breast
cancer cells [Lu etal., 2011]. In the experimental design, cells that lack bone metastasis
gene signature including genes such as CXCR4, IL11, CTGF, MMP1, and OPN were
derived from a single breast cancer cell line, MDA-MB-231, by in vivo selection

strategy. These single-cell derived populations were unable to produce any bone
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metastases within 100 days after injection into the mouse. Microarray data of these
new cell lines represented dormant state gene expression. After more than 4 months,
cells had made metastasis. Microarray data of these post-dormant cell lines represented
post-dormancy gene expression. This data includes 3 dormant and 5 post-dormant
samples.

GSE64262 dataset includes microarray data of 3 dormant and 3 proliferative
samples of patient-derived xenograft (PDX) lines [Ruppender et al., 2015]. In this
study, dormant PDX cells were obtained from human bone marrow microenvironment
in vitro. Then, the dormant cells were re-activated by cell-cell contact on bone marrow
stroma.

GSE77379 dataset includes microarray data of two different prostate cancer cell
lines [Shiozawa et al., 2016]. These cell lines are PC3 and C42B cell lines. These cell
lines were grown in vitro both in culture medium and grown in vivo by injecting into
mice. In vivo CSC-free cells were given to the mouse and only the cells leading to the
bone marrow were found to be dormant. The dataset includes in vivo and in vitro
proliferative and dormant conditions of both cell lines.In the corresponding article, the
authors showed that when disseminated tumor cells arrive at the hematopoietic stem
cell (HSCs) ‘niche’ they gain cancer stem cell functions and can switch to dormant
state. They selected dormant samples (cancer stem cells) as CD133+/CD44+ cells, and
proliferative samples as CD133-/CD44-cells. CD133 and CD44 are surface proteins
used as cancer stem cell markers.

GSES57695 dataset includes microarray analysis of mouse-origin multiple
myeloma cell line, 5TGM1 [Lawson et al., 2015]. This dataset consists of 4
proliferative (control) and 4 dormant samples. In the experimental design, cells were
labeled with DiD dye, which labels cell membrane. After 28 days of labeling, in
proliferative cells label tailed off while passing into daughter cells, Therefore DiD-
High cells, which retained dye indicated dormant cells, and DiD-Neg cells, which lost
dye, indicated proliferative cells.

GSE112094 dataset includes RNAseq analysis of D2.OR murine mammary cell
line. D2.0OR cells show dormant behavior when growing on basal membrane extracts
(BME), and they show proliferative behavior when growing on BME + Collagen. This
dataset consists of 3 proliferative and 3 dormant samples.

GSE131890 dataset is a breast cancer microarray dataset. This dataset includes

two different breast cancer cell lines, and each cell line was grown separately in 2D
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and 3D cultures. D2.0OR cell line shows proliferative behavior in 2D culture and shows

dormant behavior in 3D culture. D2.A1 cell line shows proliferative behavior in 2D

culture and metastatic behavior in 3D culture. In the dataset, some samples are from

spindle morphology cells and some are from epithelial morphology. Because 3D

dormant samples were only collected from spindle form, only samples from spindle

morphology were used in this thesis study.

Some datasets include more than two conditions to be compared or more than

one cell line. All different pairwise comparisons were analyzed separately. Table 3.2

shows all analyzed pairwise comparisons.. In total, there are 21 comparisons coming

from the data from 10 datasets.

3.3.

Table 3.2: Compared conditions of transcriptome datasets.

GEO Code

Compared Conditions

GSE35947

JB-V cell line, dormant vs proliferative

GSE35947

J82 cell line, dormant vs proliferative

GSE83142

RNAseq analysis, dormant vs proliferative

GSE83142

scRNAseq analysis, dormant vs proliferative

GSE114012

DLDL1 cell line, dormant vs proliferative

GSE114012

HCT15 cell line, dormant vs proliferative

GSE114012

HT55 cell line, dormant vs proliferative

GSE114012

RKO cell line, dormant vs proliferative

GSE114012

SW48 cell line, dormant vs proliferative

GSE114012

SW948 cell line, dormant vs proliferative

GSE102483

dormant vs proliferative

GSE20611

dormant vs post-dormant

GSE64262

dormant vs proliferative

GE77379

PC3 cell line in vivo, dormant vs proliferative

GET77379

PC3 cell line in vitro, dormant vs proliferative

GE77379

C42B cell line in vivo, dormant vs proliferative

GE77379

C42B cell line in vitro, dormant vs proliferative

GSES57695

dormant vs proliferative

GSE112094

dormant vs proliferative

GSE131890

D2.0R (3D) vs D2.A1 (3D) cell line, dormant vs proliferative

GSE131890

D2.0R (3D) vs D2.0OR (2D) cell line, dormant vs proliferative

Statistical Analysis of the Transcriptome Datasets

After datasets were downloaded from GEO, Principle Component Analysis
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(PCA) was performed in R to find if there are any outlier samples. “prcomp” function
in R was used to perform PCA analysis. “fviz_pca_var” function of “factoextra”
[Kassambara and Mundt, 2019] library was used for the visualization of PCA
results.Then, differential expression analysis was applied to all 21 compared
conditions to obtain p-values, adjusted p-values and fold changes of genes. p-value
shows the possibility of having made a mistake when a gene is chosen as significantly
changed. Therefore a cut-off for p-value is needed to classify genes as significantly
changed or unchanged. The standard cut-offs used in the literature are 0.01 or 0.05.
However, in large data such as RNAseq and microarray, if a standard p-value cut-off
is used, the probability of finding false positive results increases due to large number
of hypothesis tests applied to the large set of genes. For example, if 3000 significantly
changed genes were found with a cut-off value of 0.01, probably 30 of them would
have been found to be significantly changed even though they did not change
significantly. Therefore, p-values should be adjusted again considering the size of the
data set, thus reducing the false positive detection rate in the large data. There are
various methods to adjust the p-value. One of the most commonly used p-value
adjustment methods is Benjamini-Hochberg, which is also called as FDR [Benjamini
and Hochberg, 1995]. In the analyses, the adjusted p-values of both microarray and
RNAseq data were calculated using FDR. The R package Limma [Ritchie et al., 2015]
was used to identify differentially expressed genes for microarray data. Limma
analyses were performed using the GEO2R tool of GEO database, which also
generates corresponding R scripts. The R package DESeq2 [Love et al., 2014] was
used for the differential expression analysis of RNAseq data. For the differential
expression analysis of single-cell RNAseq data, DESeq2 was combined with R
package zinbwave [Risso et al.,, 2018]. Zero-Inflated Negative Binomial-based
Wanted Variation Extraction (ZINB-WaVE) considers low-signal level and high-zero
read nature of single cell data in the identification of differentially expressed genes. In
all datasets, genes that have no gene name information were removed from the
datasets. In a microarray design, some genes are represented with multiple probes.
Differential expression analysis will result in multiple p-values for those genes. These

genes were unified by choosing the smallest p-value for further analysis.
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3.4. Cellular Networks

Large-scale human protein-protein interaction (PPI) network, mouse PPI
network, human gene-regulatory (GR) network and mouse GR network were used in
the thesis for mapping transcriptome data. Human PPI network was downloaded from
BioGRID 3.5.166 (November, 2018) [Chatr-aryamontri et al., 2017]. Replicated edges
and self-loops of interactome were removed by using Cytoscape. Entrez ID of each
gene in the interactome was obtained by using bioDBnet [Mudunuri et al., 2009], and
integrated into interactome. Final human PPI network consists of 17,241 edges and
292,471 interactions. Mouse PPl network was obtained from a thesis study in our
research group [Emanetgi, 2019], which combined and unified PPl data from
BioGRID [Chatr-aryamontri et al., 2017], MINT [Chatr-aryamontri et al., 2007],
IntAct [Hermjakob, 2004], UniProt [Consortium, 2018] and iRefIndex [Razick et al.,
2008] databases. Replicated edges and self-loops of mouse PPl network were
removed, and gene names were converted to Entrez ID as described above. The final
mouse PPl network consists of 7.713 nodes and 24,830 interactions. In all PPI
networks in this thesis study, proteins were represented by their coding genes.

Genome-scale interactions obtained from databases mentioned above do not
include all biological interactions since they are still incomplete. These databases are
updated frequently to include newly identified interactions. Therefore, some of the
differentially expressed genes in the studied datasets do not have any corresponding
interaction information in the PPI networks mentioned above. Within the scope of this
thesis, to reduce the missing interaction information, the genes that are available in
transcriptome datasets but not available in the organism-specific PP network were
detected. These genes were scored based on the number of times they were identified
as significantly changed in dormancy versus control state in 21 pairwase comparisons.
This analysis was performed for human and mouse PPI networks separately.

Gene-regulatory networks of both human and mouse were downloaded from
TRRUST version2 [Han et al., 2018] and RegNetwork [Liu et al., 2015] databases.
These two databases were combined, and duplicate edges and nodes and self-loops
were removed. miRNA interactions, if any, were removed. Human GR network in
TRRUST database includes 2,862 nodes (genes), 9,396 edges and 795 transcription
factors. Human GR network in RegNetwork database includes 5,124 nodes, 12,500
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edges and 305 transcription factors. The final human GR network consists of 6,261
nodes, 19,146 edges and 945 transcription factors. Mouse GR network includes 2,439
nodes, 6,464 edges and 826 transcription factors in TRRUST database and mouse GR
network includes 2,780 nodes, 7,863 edges and 681 transcription factors in
RegNetwork database. The final mouse GR network consists of 4,010 nodes, 13,485
edges and 1,070 transcription factors (Table 3.3).

Table 3.3: Statistics of gene regulatory networks used in this thesis study.

Human Mouse

# of # of # of # of # of # of

Nodes Edges TFs Nodes Edges TFs
TRRUST 2862 9396 795 2439 6464 826
RegNetwork | 5124 12500 305 2780 7863 681
Merged 6261 19146 945 4010 13485 1070
TFless 6048 2530468 | - 3767 4622077 | -

Transcription factors can modulate target genes in response to a condition
change even if their own expression levels remain unchanged. Therefore, TFs have an
important role in the network even if they do not change significantly. Subnetwork
discovery algorithms scan large networks and find subnetworks that are enriched with
significantly changed genes.Since the expression level of transcription factors does not
change significantly, they may not be present in the subnetworks. However, lack of
TFs, which are the most important elements of gene regulatory networks, in sub-
networks may cause missing information. Therefore, TFless GR networks were
alternatively reconstructed to avoid missing information in further analyses. In the
TFless GR networks reconstructed in this study, all genes that were affected by the
same TF were represented to be in interaction with each other, and all TF interactions
were removed from the network. In this way, the direct effect of the transcription factor
is eliminated, but gene regulation information is protected. Figure 3.1 shows the
reconstruction diagram of TFless GR networks. The TFless GR network of human
consists of 6048 nodes and 2,530,468 edges. The TFless GR network of mouse consists
of 3767 nodes and 4,622,077 edges (Table 3.3).
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Figure 3.1: Reconstruction of TFless gene-regulatory networks.

3.5. Subnetwork Discovery Methods

Transcriptome datasets provide enormous amount of data. To interpret these data
by identifying functional modules, subnetwork discovery methods were used in this
study. Two subnetwork discovery tools were selected from literature,
KeyPathwayMiner (KPM) and BioNet. As mentioned in Section 2.6, there are several
computational tools for subnetwork discovery in literature. Batra et al. performed
comparative analyses of different tools to show the power and weakness of these tools.
They demonstrated that KPM and BioNet were among the most powerful subnetwork
discovery tools [Batra et al., 2017].

KPM and BioNet were used to discover case-specific functional subnetworks by
mapping transcriptome data, which are described in Section 3.1, on interactome data
described in Section 3.2. Some datasets include more than one comparative conditions
as mentioned before. Subnetwork discovery analysis was performed for all compared
conditions of datasets given in Table 3.2, and the data were mapped on PPI network,

GR network and TFless GR network separately by using KPM and BioNet tools.

3.5.1. KeyPathwayMiner (KPM)

KPM is a subnetwork discovery tool, which maps transcriptome data on
interactome to identify subnetworks enriched in significantly changed genes. KPM

accepts list of genes and their p-values in binary format as input. The p-values must be
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binarized based on the significance cut-off. Significant genes were assigned the value
of 1, and non-significant genes were assigned the value of O for binarization. The
adjusted p-values of genes for each compared condition were binarized by using an
appropriate cut-off for each comparison. The appropriate cut-off values were chosen
such that a similar-size subnetwork will be obtained for all comparisons. The main
objective in selecting cut-off values specific to each compared condition is to keep the
subnetwork dimensions as close as possible to each other. The cut-off value of each
comparison is shown in Table 3.4. The cut-off values of each compared condition
remained the same across analyses based on protein-protein interactome and gene-
regulatory interactome. In GSE773790, GSE64262, GSE57695 and GSE131890, p-
values were used instead of adjusted p-values because KPM could not identify any

subnetwork when adjusted p-values with a cut-off of 0.05 was used.

Table 3.4: Adjusted p-value cut-off values for data binarization in KPM based

analysis.
GEO Code | Compared Conditions Cut-off
value
GSE35947 | J82 cell line, dormant vs proliferative 0.01
GSE35947 | JB-V cell line, dormant vs proliferative 0.01
GSE83142 | RNAseq analysis, dormant vs proliferative 0.001
GSE83142 | scRNAseq analysis, dormant vs proliferative 0.001
GSE114012 | DLD1 cell line, dormant vs proliferative 0.0001
GSE114012 | HCT15 cell line, dormant vs proliferative 0.005
GSE114012 | HT55 cell line, dormant vs proliferative 0.005
GSE114012 | RKO cell line, dormant vs proliferative 0.00001
GSE114012 | SWA48 cell line, dormant vs proliferative 0.01
GSE114012 | SW948 cell line, dormant vs proliferative 0.05
GSE102483 | dormant vs proliferative 0.005
GSE20611 | dormant vs post-dormant 0.005
GSE64262 | dormant vs proliferative 0.01*
GE77379 PC3 cell line in vivo, dormant vs proliferative 0.05*
GE77379 PC3 cell line in vitro, dormant vs proliferative 0.05*
GE77379 C42B cell line in vivo, dormant vs proliferative 0.05*
GE77379 C42B cell line in vitro, dormant vs proliferative 0.05*
GSE57695 | dormant vs proliferative 0.001*
GSE112094 | dormant vs proliferative 0.001
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Table 3.4: Continued.

GSE131890 | D2.0OR (3D) vs D2.A1 (3D) cell line, dormant vs 0.01*
proliferative

GSE131890 | D2.0OR (3D) vs D2.0R (2D) cell line, dormant vs 0.01*
proliferative

*p-values were used instead of adjusted p-values

To discover an optimal subnetwork, KPM uses the following parameters:

1. Algorithm: KPM can use two different algorithms to identify a subnetwork.
Greedy algorithm chooses the best choice (shorter path) on every step of iteration, and
continues to next step to reach final solution. The greedy algoritm does not consider
the previous choices to improve the final solution. [Curtis, 2003]. The other algorithm
is Ant Colony Optimization Algorithm (ACO). ACO is based on the principle that a
food-seeking ant will find the shortest path based on the level of pheromone on the
path [Alcaraz et al., 2012]. In this thesis study, both algorithms were applied on
GSE35947 and GSE83142 datasets, and same subnetworks were obtained. Therefore,
only the ACO algorithm was used in the analysis of all other comparisons.

2. K value: K is a parameter that specifies the maximum number of exception-
genes (not significantly-changed genes) allowed to be present in identified
subnetworks. K value is only used as an input when node exception strategy is chosen
as INES (individual node exception strategy). Node exception strategy determines how
to calculate the presence of exception genes in the subnetwork. INES calculates an
individual score for each gene. A higher K value corresponds to a bigger-size
subnetwork. To optimize K values, GSE35947 dataset was run with different K values
and the appropriate K value was chosen and applied to all analyses. K value was
chosen in all PPl and TFless GR network analyses as “2” to keep network sizes optimal
and not to ignore non-significant genes that bind many significantly-changed nodes.
In all GR network analyses, K value was chosen as “8”. A value higher than the value
used in PPl and TFless GR network analyses was chosen, because transcription factors
are important nodes in GR network subnetworks and they usually do not show
significant expression at mMRNA level.

KPM has different versions; Cytoscape plug-in, Web server or stand-alone
application. In this study, all alternative versions of KPM were used for GSE35947
dataset, and the stand-alone application was chosen for further use since it is the fastest

one. KPM 4.0 version was used in this study.
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3.5.2. BioNet

BioNet is another subnetwork discovery tool in the literature. BioNet is an R
package and can be used via R. BioNet Bioconductor 3.7 version was used in this
thesis study. The working principle is quite similar to KPM. However, the algorithm,
parameters, and format that BioNet accepts are different from KPM. BioNet uses
Heinz algorithm to find optimum subnetworks after it maps the transcriptome data on
interactome. It accepts gene list with their p-values, without any binarization. It uses
False Discovery Rate (FDR) cut-off to reconstruct subnetworks rich in significantly-
changed genes. FDR is a p-value correction method to eliminate false-positive results.
FDR values for each pairwise comparison selected such that similar-size subnetworks
will be produced. The compared conditions and FDR values are shown in Table 3.5.
The FDR values of each compared condition remained the same across the analyses

based onprotein-protein and gene-regulatory interactomes.

Table 3.5: FDR cut-off values used in BioNet analysis.

GEO Code | Compared Conditions FDR Value
GSE35947 |JB82 cell line, dormant vs proliferative 0.005
GSE35947 |JB-V cell line, dormant vs proliferative 0.005
GSEB83142 | RNAseq analysis, dormant vs proliferative 0.001
GSE83142 |scRNAseq analysis, dormant vs proliferative 0.001
GSE114012 | DLD1 cell line, dormant vs proliferative 0.0001
GSE114012 | HCT15 cell line, dormant vs proliferative 0.005
GSE114012 | HT55 cell line, dormant vs proliferative 0.001
GSE114012 | RKO cell line, dormant vs proliferative 0.00001
GSE114012 | SW48 cell line, dormant vs proliferative 0.005
GSE114012 | SW948 cell line, dormant vs proliferative 0.05
GSE102483 | dormant vs proliferative 0.001
GSE20611 |dormant vs post-dormant 0.001
GSE64262 | dormant vs proliferative 0.05
GE77379 | PC3 cell line in vivo, dormant vs proliferative 0.05
GE77379 | PC3 cell line in vitro, dormant vs proliferative 0.05
GE77379 | C42B cell line in vivo, dormant vs proliferative 0.05
GE77379 | C42B cell line in vitro, dormant vs proliferative 0.05
GSE57695 |dormant vs proliferative 0.05
GSE112094 | dormant vs proliferative 0.001
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Table 3.5: Continued.

GSE131890 | D2.0R (3D) vs D2.A1 (3D) cell line, dormant vs 0.05
proliferative

GSE131890 | D2.0R (3D) vs D2.0OR (2D) cell line, dormant vs 0.05
proliferative

3.6. Interpretation of Subnetworks

Once the subnetworks are identified through BioNet or KPM algorithms, the
main issue is to interpret them and to extract useful information. In this study, three
different approaches were used to interpret subnetworks, as explained in detail in the
following subsections. The first approach is Gene Set Enrichment Analysis. This
approach finds the biological terms enriched in given gene lists. In another approach,
the lists of genes that are associated with autophagy, cell cycle, extracellular matrix,
and dormancy were extracted. Then, each discovered subnetwork was checked in
terms of their overlap with these lists. This approach demonstrates, for example,
whether subnetworks include dormancy genes or genes involved in mechanisms
known to be effective in dormancy. Finally, genes were scored based on number of
times they appeared in the discovered subnetworks as significantly-changed. Here, the
aim was to find possible target genes which changed significantly in the case of

dormancy and appeared in subnetworks in multiple studies.

3.6.1. Gene Set Enrichment Analysis

After subnetworks were discovered, enrichment analysis was performed by
g:Profiler online tool [Raudvere et al., 2019]. The aim of this application is
determining whether genes in subnetworks are really related with dormancy
mechanism or not. g:Profiler is an online tool. g:GOST tool was used to perform
functional enrichment analysis on input gene list. g:GOST retrieves data from Gene
Ontology for gene ontology enrichment, from KEGG, Reactome and WikiPathways
for pathway enrichment; from miRTarBase for miRNA targets, from TRANSFAC for
regulatory motif matches, from Human Protein Atlas for tissue specificity, from
CORUM for protein complexes and from Human Phenotype Ontology for human
disease phenotypes. Thus, on one run, g:GOST can perform multiple enrichment

analyses.
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All subnetworks were analyzed separately. Organism option was selected as
Homo sapiens if subnetwork is from human dataset and Mus musculus if subnetwork
is from mouse dataset. Other options were left at their default values. The list of genes
from each subnetwork was pasted to the “query” tab and organism was selected as
‘human’ for JB-V and J82 cell lines. Organism option was selected as ‘mouse’ if the
dataset is a mouse dataset.

3.6.2. Dormancy, Autophagy, Extracellular Matrix and Cell Cycle
Genes in Subnetworks

Lists of genes that are associated with autophagy, cell cycle, and extracellular
matrix terms were downloaded via AmiGO from GeneOntology Database [Carbon et
al., 2009]. Each term was quick searched separately. “Genes and gene products”
section was chosen on the menu. The organism was filtered as Homo sapiens and gene
lists were downloaded. Because AmiGO data does not include Entrez 1Ds, Entrez IDs
were obtained by using db2db tool of BioDBnet [Mudunuri et al., 2009] and added to
gene lists. Then, all steps were repeated for mouse lists. Only organism filter of
AmiGO was changed to Mus musculus. The dormancy list was created with the manual
curation by Cemal Yildiz (un-published) as follows: Pubmed articles were searched
with the following keywords; “cancer”, “dormancy” and “metastasis”. Abstracts of
about 200 articles were scanned manually to find cancer dormancy marker genes in
human. Mouse homologs of dormancy genes were identified via Ensembl/BioMart
[Kinsella et al., 2011] and used as mouse dormancy marker list. Table 3.6 shows the

numbers of genes found in the lists of each term.

Table 3.6: Number of genes in autophagy, cell cycle, extracellular matrix, and
dormancy lists.

Term Number of genes Number of genes
(Human) (Mouse)

Autophagy 475 378

Cell cycle 1858 1698

Extracellular matrix 5140 712

Dormancy 18 18

The gene lists of dormancy, autophagy, ECM and cell cycle were compared with

the node lists of each subnetwork using R. Finally, nodes that are related with these
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specific terms for each subnetwork were written to CSV (comma separated values)
file.

3.6.3. Integration of Subnetworks

To find the most important genes that appeared in most of the subnetworks, a
score table was generated. Firstly, all genes that appeared in at least one subnetwork
were collected in a list for human and mouse separately. Then, human homologs of
mouse genes were identified by using BioMart by Ensembl [Kinsella et al., 2011]. To
find human homologs of mouse genes, firstly “EnsemblGenes 97 database and
“Mouse genes (GRCm38.p6)” dataset were chosen. Gene lists in the form of as Entrez
IDs was imported using the filters on “Input external references ID list” section.
Attributes were selected as “Gene name” and “Human gene name” and results were
exported as CSV file. Then, human gene names in the file were converted to Entrez
IDs again by using BioMart. To this aim, “Human genes (GRCh38.p12)”, was chosen
as the dataset. Human gene names were imported using “Gene Names” filters.
Attributes were selected as “Gene name” and “NCBI gene accession” and results were
exported as CSV. Human Entrez IDs were concatenated to mouse gene lists based on
their homologous genes. Then, human and mouse lists were merged by using Human
Entrez IDs.

All genes in the merged list were scored based on the number of their appearance
in subnetworks. The genes get a score of 1 for each subnetwork in which they are
found. And, the final score of a gene is calculated by the sum of its scores. Three
different scoring approaches were used. In the first scoring, called “overall score” the
gene gets a score of 1 if it is identified with at least one of the BioNet or KPM tools in
a comparison. In this scoring, it is not taken into account whether the gene changes
significantly in those datasets. In the second scoring, called “significance score” the
gene gets a score of 1 if it is identified with at least one of the BioNet or KPM tools in
a comparison and should be changed significantly in the related dataset. Finally, genes
get score for the number of articles in which they were found. In this scoring, called
“article score” a gene gets only one point for all comparisons of a single dataset. For
example, a gene gets one point if it is found in both JB-V and J82 subnetworks. In
addition , the genes were compared with dormancy, autophagy, ECM and cell cycle
lists and get TRUE if it is found in list, get FALSE if it is not. The score table includes
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genes, significance score, significant upregulation score, significant downregulation
score, non-significance score, article score, names of upregulated datasets, names of
downregulated articles and whether the gene is a dormancy, autophagy, ECM or cell
cycle gene. Integrated score tables were generated for PPI network and GR network
analyses separately. Filtering was done after preparing the score table. Genes were
filtered if found in at least 2 articles and, significance score was at least 3. If
significance score is 3, it must be upregulated in all comparisons, If significance score
is 4 it must be upregulated at least in 3 comparisons. If significance score is 6, it must
be upregulated in at least in 4 comparisons. If significance score is 7, it must be
upregulated at least 5 comparisons. All calculations and rearrangements were
performed in R. Then genes in the filtered score table were mapped to related genome
scale network on Cytoscape [Shannon et al., 2003]. Thus, interactions between filtered
genes were displayed.

When transcriptome data was mapped to interactome, some genes could not be
mapped because current interactome does not have these genes as a node. To not to
lose the information of these genes, the genes that were identified to be significantly
changed at least in one transcriptome dataset were listed separately for human and
mouse. Then, as described above, human homolog of mouse genes were found via
BioMart and gene lists were combined. After that, each gene was scored according to
the number of datasets in which it is significantly-changed. The number of datasets in
which a gene is significantly up-regulated and down-regulated and whether the gene
was found in dormancy, autophagy, ECM and/or cell cycle gene lists were also written
to the score table. This score table was only constructed for PPl network. All

calculations and rearrangements were again performed in R.
3.7. Drug Repositioning

Drug repositioning was applied to find the drugs that target the genes that have
high scores on integrated subnetwork score lists. Drug repositioning was applied on
PPI network, GR network and TFless GR network genes separately.

Firstly, drug-gene interactions were downloaded from “Downloads” section of
DrugBank database website. The list includes “Drug Name”, ”Drugbank ID”, “Target
Human Gene Symbol”, “ Target Human Gene ID”, “Targeted Organisms” and *“ Drug

Group” (approved,investigational etc.). Genes in filtered score lists of PPI network,
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GR network and TFless GR network were used as target gene lists. All lists were
compared with drug-gene list of DrugBank on R through “Target Human Gene ID”
column by using the “merge” function of R. The drugs that target genes in the filtered

score listswere extracted.
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4. Protein-Protein Interaction Subnetworks

4.1. Data Preparation and Subnetwork Discovery

In this study, 10 datasets were analyzed to find subnetworks that are enriched
with significantly changed genes. These 10 datasets include 21 compared conditions
(Table 3.2). Firstly, Principal Component Analysis (PCA) was performed on each
compared set to show if data from same conditions clustered together. If there is a
sample that clusters with samples from the other condition (outlier), that sample was
removed from the set. Figure 4.1 shows the PCA results of J82 and JB-V cell lines of
GSE35947 dataset. PCA plots of other datasets were shown in supplementary data.

As seen in Figure 4.1, proliferative and dormant samples of the two cell lines are
separated from each other and samples from each group clustered together. Based on
PCA results, one control sample from GSE57695 dataset, one LRC (dormant) and one
BULK (control) sample from HT55 cell line of GSE114012 dataset were identified as
outliers and removed from the datasets.

After outliers were removed, p-values and fold changes were calculated by
appropriate tools as mentioned in Section 3.1. For instance, GSE83142 dataset has 2
different experiments, which lead to 2 different compared conditions. One of the
experiments is bulk RNAseq of acute lymphoblastic leukemia cell line in dormant and
proliferative conditions. Deseq2 package was used to calculate p-values, adjusted p-
values and fold changes of this condition. The other experiment is single-cell RNAseq
of acute lymphoblastic leukemia cell line in dormant and proliferative conditions.
Zinbwave package with Deseq2 package were used to calculate p-values, adjusted p-
values and fold changes of this condition. Calculated p-values were used to perform
BioNet subnetwork discovery analysis. Also, calculated adjusted p-values were used

to perform KeyPathwayMiner (KPM) subnetwork analysis.
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Figure 4.1: PCA graphics of GSE35947 dataset. A) JB-V cell line, B)J82 cell
line.

KPM can run on three different platforms; on Cytoscape plug-in, on Web server
or as a stand-alone application. The following strategy was followed to decide on the

platform of KPM to be used. To confirm that all these 3 tools give the same results,
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the tutorial data and network of KPM were downloaded from
https://keypathwayminer.compbio.sdu.dk/ and used to compare the three versions. All
of them gave the same subnetworks with the tutorial data. Then KPM analysis of J82
and JB-V cell lines subnetwork analysis performed on KPM Cytoscape app, KPM web
tool and KPM stand-alone version with same parameters. Among these 3 applications,
Cytoscape app can not finish the analysis on our computers. Web tool also works
slowly. The fastest tool is the stand-alone version. Thus, stand-alone version of KPM
was used in further analysis. Then, parameters of KPM were optimized. For this
purpose, for J82 and JB-V cell lines the stand-alone version of KPM was applied with
different parameters. As a result of the optimization, ACO and GREEDY algorithms
gave the same results. In addition, the INES strategy allows to control the subnetwork
size since it allows to use the K parameter. The K parameter was determined according
to the size of subnetworks. The parameters and the subnetwork sizes are shown in
Table 4.1. Based on these results, K=2, INES and ACO parameters were used in the

analysis of all protein-protein interaction subnetwork analyses in this thesis study.

Table 4.1: Parameters and subnetwork sizes for parameter optimization of KPM.

J82 JB-V
£ £
> = > =
< E 2 =
S S - S, 2 |8
- —_ o e — — @] o
n < X =z wl n < X pd L
INES ACO 0 78 | 78 | INES ACO 0 156 | 346
INES ACO 1 117 | 129 | INES ACO 1 170 | 390
INES ACO 2 139 | 171 | INES ACO 2 180 | 414
INES ACO 3 157 | 213 | INES ACO 3 189 | 449
INES ACO 4 174 | 245 | INES ACO 4 196 | 480
INES ACO 5 188 | 286 | INES ACO 5 202 | 506
INES GREEDY | 0 78 | 78 | INES GREEDY |0 156 | 346
INES GREEDY | 1 117 | 129 | INES GREEDY |1 170 | 390
INES GREEDY | 2 139 | 171 | INES GREEDY | 2 180 | 414
INES GREEDY | 3 157 | 213 | INES GREEDY | 3 190 | 456
INES GREEDY | 4 174 | 245 | INES GREEDY | 4 198 | 501
INES GREEDY | 5 188 | 286 | INES GREEDY |5 204 | 519
GLONE | ACO - 78 |78 | GLONE | ACO - 156 | 346
GLONE | GREEDY | - 78 | 78 | GLONE | GREEDY | - 156 | 346
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KPM subnetwork discovery analyses of J82 and JB-V cell lines of GSE35947
dataset were performed with the chosen parameters. Binarization cut-off was selected
as 0.01 for adjusted p-values for both cell lines. At this cut-off, 339 genes were found
to be differentially expressed in J82 cell line and 283 genes differentially expressed in
JB-V cell line. 96.74 percent of transcriptome data was mapped to PPI network. Figure
4.2 shows the largest subnetworks discovered by PP1 KPM analysis for J82 and JB-V

cell lines.

Figure 4.2: KPM PPI subnetworks for dataset GSE35947. A)J82 (139 nodes
and 171 edges), B)JB-V (180 nodes and 414 edges)
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BioNet subnetwork discovery analysis wasalso performed with the same dataset.
FDR value was chosen as 0.005 for both J82 and JB-V cell lines. The network after
transcriptome data mapping to PPl network consists of 17221 genes and 605562
interactions. Figure 4.3 shows the subnetworks discovered by BioNet analysis for J82

and JB-V cell lines.

Figure 4.3: BioNet PPI subnetworks for dataset GSE35947. A)J82 (374 nodes
and 650 edges), B)JB-V (366 nodes and 1109 edges)
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Same workflow was applied to all compared conditions given in Table 3.2 with
parameters that were mentioned in Section 3. The corresponding cut-off values used
for each comparison are given in Table 3.4 for KPM analysis, and in Table 3.5 for
BioNet analysis. For eight of the comparisons, BioNet could not identify any
subnetwork. As a result, 34 protein-protein interaction subnetworks were discovered
from 21 compared conditions. The sizes of these subnetworks are shown in Table 4.2.

Table 4.2: Subnetwork sizes of PPl subnetworks.

KPM BioNet

# GEO Code Compared Conditions Nodes | Edges | Nodes | Edges

1 GSE35947 J82 cell line, dormant vs 139 171 374 650
proliferative

2 GSE35947 JB-V cell line, dormant vs 180 414 366 1109
proliferative

3 GSE83142 RNAseq analysis, dormant vs 113 210 164 378
proliferative

4 GSEB83142 scRNAseq analysis, dormant vs | 119 266 164 495
proliferative

5 GSE114012 DLD1 cell line, dormant vs 338 1412 426 3922
proliferative

6 GSE114012 HCT15 cell line, dormant vs 78 94 112 362
proliferative

7 GSE114012 HT55 cell line, dormant vs 203 311 166 542
proliferative

8 GSE114012 RKO cell line, dormant vs 1074 6594 1262 16784
proliferative

9 GSE114012 SW48 cell line, dormant vs 70 82 82 216
proliferative

10 | GSE114012 SW948 cell line, dormant vs 131 162 253 814
proliferative

11 | GSE102483 dormant vs proliferative 90 115 80 204

12 | GSE20611 dormant vs post-dormant 340 928 612 5090

13 | GSE64262 dormant vs proliferative 144 305 - -

14 | GE77379 PC3 cell line in vivo, dormant 383 951 - -
vs proliferative

15 | GE77379 PC3 cell line in vitro, dormant 765 1611 - -
vs proliferative

16 | GE77379 C42B cell line in vivo, dormant | 235 326 - -
vs proliferative

17 | GE77379 C42B cell line in vitro, dormant | 19 18 - -
vs proliferative

18 | GSE57695 dormant vs proliferative 145 184 - -

19 | GSE112094 dormant vs proliferative 178 202 241 336

20 | GSE131890 D2.0R (3D) vs D2.A1 (3D) cell | 83 96 - -
line, dormant vs proliferative

21 | GSE131890 D2.0R (3D) vs D2.0OR (2D) 31 33 - -
cell line, dormant vs
proliferative
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4.2. g: Profiler Analysis of Subnetworks

Enrichment analysis was performed for all subnetworks to determine the
enriched pathways and molecular functions of the genes in the subnetworks. g:Profiler
online tool is a useful tool to perform enrichment analysis on different lists such as
molecular function, pathway, disease relation. To perform enrichment analysis
g:GOST tool of g:Profiler was used. At the end of analysis, the tool gives graphical
results. In this graph, enriched terms are illusturated as filled circles and plotted
according to p-value of enrichment. Also, in detailed results section, the tool gives the
list of terms and p-values under the headers of related database. Figure 4.4 and Figure
4.5 shows the graphic results of g:Profiler of JB-V and J82 cell lines for both KPM
and BioNet analyses. Table 4.3 shows a summary of g:Profiler results of J82 cell line

KPM subnetwork. Full results are shown in supplementary file.
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Figure 4.5: g:Profiler results of PPI subnetworks of J-BV cell line for dataset
GSE35947. A) KPM , B) BioNet

Figure 4.4 and Figure 4.5 show that most of the terms are related with cell cycle,

stress response and immune system. These results are expected results because it is

known that the cell cycle changes in dormancy. The immune system and stress
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response are the mechanisms that cells change to survive in dormant condition and

adapt metastatic niche.

Table 4.3: g:Profiler results of PPI subnetwork of J82 cell line for dataset

GSE35947.
Source | Term Name Adjusted p-
value

GO:MF | identical protein binding 3.06E-02
GO:MF | protein-containing complex binding 3.64E-02
GO:BP | regulation of response to stress 2.11E-04
GO:BP | response to stress 2.43E-04
GO:BP | response to other organism 5.49E-04
GO:BP | response to external biotic stimulus 5.65E-04
GO:BP | positive regulation of NF-kappaB transcription factor

activity 3.93E-03
KEGG | NF-kappa B signaling pathway 6.05E-03
KEGG | TNF signaling pathway 1.24E-02
KEGG | Fanconi anemia pathway 1.84E-02
KEGG | Rheumatoid arthritis 2.34E-02
KEGG | IL-17 signaling pathway 2.98E-02
KEGG | Hematopoietic cell lineage 3.34E-02
WP Photodynamic therapy-induced NF-kB survival signaling | 6.27E-03
WP Senescence and Autophagy in Cancer 3.24E-02

4.3. Integration of Subnetworks

Subsequently, all genes in all subnetworks were combined to form a new gene
list. When forming this list, human homolog of the mouse genes were found via the
BioMart online tool and the combining was performed through these homologous
genes. Genes without a human homologue remained only as a mouse gene. After this
list was made, each gene was scored according to the number of subnetworks it
appeared in total. By combining homologous mouse and human genes a priori, scoring
could include the total number of occurrences of each gene in both human and mouse
subnetworks. The resulting score list contains 4527 genes. Since this number was too
high for the interpretation of the genes in the list, the genes were filtered as indicated
in section 3.6.3. The filtered score table includes 76 genes based on significance score
filter. Table 4.4 shows the filtered score table and Table 4.5 shows a summary of

g:Profiler results of filtered gene list.
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Table 4.4: Filtered score table of all PPI subnetworks obtained in this study.
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1191 CLU 9 9 4 FALSE |TRUE |[TRUE [FALSE
3006 HISTIHIC |6 6 4 FALSE |FALSE |[FALSE [FALSE
351 APP 6 16 8 FALSE |FALSE |[TRUE [TRUE
8349 HIST2H2BE |6 6 4 FALSE |FALSE |[TRUE  [FALSE
10133 OPTN 6 6 4 FALSE |TRUE |[FALSE [TRUE
114907 FBX032 6 6 2 FALSE |FALSE |FALSE [FALSE
5329 PLAUR 5 5 3 FALSE |FALSE |[TRUE [FALSE
6187 RPS?2 5 5 3 FALSE |FALSE |[TRUE [FALSE
7057 THBS1 5 5 3 TRUE |FALSE |[TRUE |TRUE
718 C3 5 5 4 FALSE |FALSE |[TRUE [FALSE
10769 PLK2 5 5 2 FALSE |TRUE |[FALSE [TRUE
23710 GABARAPL1 |5 5 2 FALSE |[TRUE |[TRUE  [FALSE
1030 CDKN2B 5 5 3 FALSE |FALSE |[TRUE [TRUE
4035 LRP1 5 5 4 FALSE |FALSE |[TRUE [FALSE
1508 CTSB 5 5 3 FALSE |FALSE |[TRUE  [FALSE
2634 GBP2 5 5 3 FALSE |FALSE |[FALSE [FALSE
1604 CD55 4 4 2 FALSE |FALSE |[TRUE [FALSE
3140 MR1 4 4 2 FALSE |FALSE |[TRUE [FALSE
9572 NR1D1 4 4 2 FALSE |FALSE |FALSE [FALSE
9709 HERPUD1 |4 4 2 FALSE |FALSE |[FALSE [FALSE
57568 SIPALL2 4 4 2 FALSE |FALSE |[FALSE [FALSE
59 ACTA? 4 4 3 FALSE |FALSE |[TRUE  [FALSE
604 BCL6 4 4 3 FALSE |FALSE |[FALSE |TRUE
2879 GPX4 4 4 3 FALSE |FALSE |[TRUE  [FALSE
3162 HMOX1 4 4 3 FALSE |TRUE |[TRUE [FALSE
3383 ICAM1 4 4 3 FALSE |FALSE |[TRUE  [FALSE
6318 SERPINB4 |4 4 3 FALSE |FALSE |[TRUE [FALSE
64061 TSPYL2 4 4 3 FALSE |FALSE |[FALSE |TRUE
972 ROS1 4 4 4 FALSE |FALSE |[TRUE  [FALSE
7422 VEGFA 4 4 4 FALSE |FALSE |[TRUE  [FALSE
10014 HDAC5 4 4 4 FALSE |FALSE |FALSE [FALSE
1893 ECM1 4 4 2 FALSE |FALSE |[TRUE [FALSE
5252 PHF1 4 4 2 FALSE |FALSE |[FALSE [FALSE
6520 SLC3A2 4 4 2 FALSE |FALSE |[TRUE [FALSE
7077 TIMP2 4 4 2 FALSE |FALSE |[TRUE |TRUE
9619 ABCG1 4 4 2 FALSE |FALSE |[TRUE  [FALSE
1917 EEF1A2 4 4 3 FALSE |TRUE |[FALSE [FALSE
4088 SMAD3 4 4 3 FALSE |FALSE |[TRUE |[TRUE
8878 SQSTM1 4 4 3 FALSE |TRUE |[TRUE [FALSE
10765 KDMS5B 4 4 3 FALSE |FALSE |FALSE [FALSE
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Table 4.4: Continued.

94241 TP53INP1 4 4 3 FALSE |TRUE |FALSE TRUE

960 CD44 4 4 4 FALSE |FALSE |TRUE FALSE
5360 PLTP 4 4 4 FALSE |FALSE |TRUE FALSE
301 ANXAL 3 3 2 FALSE |FALSE |TRUE TRUE

360 AQP3 3 3 2 FALSE |FALSE |TRUE FALSE
378 ARF4 3 3 2 FALSE |FALSE |TRUE FALSE
780 DDR1 3 3 2 FALSE |FALSE |TRUE FALSE
2026 ENO2 3 3 2 FALSE |FALSE |TRUE FALSE
2934 GSN 3 3 2 FALSE |FALSE |TRUE FALSE
3248 HPGD 3 3 2 FALSE |FALSE |TRUE TRUE

4535 MT-ND1 3 3 2 FALSE |FALSE |FALSE FALSE
4854 NOTCH3 3 3 2 FALSE |FALSE |TRUE FALSE
9462 RASAL2 3 3 2 FALSE |FALSE |FALSE FALSE
10397 NDRG1 3 3 2 FALSE |FALSE |TRUE FALSE
10580 SORBS1 3 3 2 FALSE |FALSE |FALSE FALSE
23135 KDM6B 3 3 2 FALSE |FALSE |FALSE FALSE
26470 SEZ6L2 3 3 2 FALSE |FALSE |FALSE FALSE
57062 DDX24 3 3 2 FALSE |FALSE |FALSE FALSE
64393 ZMAT3 3 3 2 FALSE |FALSE |FALSE FALSE
201895 SMIM14 3 3 2 FALSE |FALSE |FALSE FALSE
1043 CD52 3 3 3 FALSE |FALSE |TRUE FALSE
1628 DBP 3 3 3 FALSE |FALSE |FALSE FALSE
3119 HLA-DRB6 (3 3 3 FALSE |FALSE |FALSE FALSE
3939 LDHA 3 3 3 FALSE |FALSE |TRUE FALSE
3956 LGALS1 3 3 3 FALSE |FALSE |TRUE FALSE
5802 PTPRS 3 3 3 FALSE |FALSE |TRUE FALSE
6175 RPLPO 3 3 3 FALSE |FALSE |TRUE FALSE
6205 RPS11 3 3 3 FALSE |FALSE |TRUE FALSE
7832 BTG2 3 3 3 FALSE |FALSE |TRUE TRUE

23521 RPL13AP5 |3 3 3 FALSE |FALSE |FALSE FALSE
57326 PBXIP1 3 3 3 FALSE |FALSE |FALSE FALSE
84162 KIAA1109 3 3 3 FALSE |FALSE |FALSE FALSE
91010 FMNL3 3 3 3 FALSE |FALSE |FALSE FALSE
253635 GPATCH11 |3 3 3 FALSE |FALSE |FALSE FALSE
7316 UBC 3 8 6 FALSE |FALSE |TRUE FALSE

Genes in the filtered gene list are mainly associated with extracellular matrix and

cell cycle. These two terms are known to play a major role in dormancy. Besides, genes

associated with the autophagy mechanism, which is thought to be important in the

dormancy mechanism, have been found. In addition, only one gene was directly

associated with dormancy. This may be because the manually curated dormancy gene

list contains only 18 genes. In g: profiler analysis, terms such as cell communication

and autophagy in cancer were found in correlation with these results.
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Table 4.5: g:Profiler result of filtered gene list of all PPI subnetworks.

Source | Term Name Adjusted p-
value
GO:MF | enzyme binding 5.03E-04
GO:MF | proteoglycan binding 1.02E-03
GO:MF | collagen binding 1.41E-02
GO:MF | protein binding 4.10E-02
GO:BP | regulation of apoptotic process 3.25E-10
GO:BP | regulation of programmed cell death 4.75E-10
GO:BP | response to stress 1.82E-09
GO:BP | response to chemical 1.97E-06
GO:BP | response to external stimulus 1.98E-06
GO:BP | immune system process 3.51E-06
GO:BP | positive regulation of cellular metabolic process 9.23E-06
GO:BP | positive regulation of cell death 9.38E-06
GO:BP | defense response 1.05E-05
GO:BP | regulation of cell communication 2.02E-02
GO:BP | organonitrogen compound metabolic process 2.10E-02
GO:BP | protein modification process 2.21E-02
GO:BP | cellular protein modification process 2.21E-02
GO:BP | negative regulatlon of intracellular signal 2 24E-02
transduction

GO:BP | regulation of cell adhesion 2.32E-02
KEGG | FoxO signaling pathway 2.31E-02
REAC | Eukaryotic Translation Elongation 1.26E-02
WP Senescence and Autophagy in Cancer 2.36E-03

Then, genes in the filtered score table were mapped to the Human genome-scale

PPI network. 47 out of 76 genes were found to interact. Figure 4.6 shows the networks

of filtered genes.
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Figure 4.6: Network of genes from the filtered PPI score list.

4.4. Drug Repositioning Analysis of PPI Subnetworks

The genes that are frequently found in the subnetworks can be important in
dormancy mechanism in different cancers. Therefore, drugs that target these genes can
help destroy the dormant cancer cells. For this purpose, drug repositioning analysis,
which has been used widely in recent years in the literature and allows the use of
currently approved drugs for different indications, were applied. In this analysis, the
genes included in the filtered score list were selected as the target genes. Drugs
targeting these genes were retrieved from DrugBank database data. Table 4.6 shows
the drugs that target at least 2 filtered PPI subnetwork genes from Table 4.4, number
of genes the drug target from the filtered list, the target genes, and the clinical testing

stage of these drugs.
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Table 4.6: The drugs that target at least 2 genes from the filtered score table (Table

4.4) of PPI subnetworks.

Drug Score [Genes Group
APP,C3,CLU,GSN, approved,
COPPER 6 LDHA,RPS2 investigational
ZINC CHLORIDE 4 APP,C3,CLU,GSN |approved,
ZINC ACETATE 4 APP,C3,CLU,GSN |approved,
ZINC 4 APP,C3,CLU,GSN [approved,
HMOX1,HPGD,LD |approved,
NADH 4 HAMT-ND1 investigational
FOSTAMATINIB 3 DDR1,PLK2,ROS1 |approved
TENECTEPLASE 2 LRP1,PLAUR investigational
PHENETHYL ISOTHIOCYANATE |2 ACTA2,MT-ND1 |investigational
N-FORMYLMETHIONINE 2 MT-ND1,UBC experimental
LANOTEPLASE 2 LRP1,PLAUR investigational
HYALURONIC ACID 2 CD44,ICAM1 approved
ARTENIMOL 2 LDHA,LGALS1 experimental,

The drugs in Table 4.6 have been shown to target related genes, but many of
them are unknown pharmacological action or mechanism of action on genes.
4.5. Genes Not Found in PPI Network
Interactome databases store experimentally validated interactions or interactions
predicted by methods such as text-mining. Only experimentally validated interactions
are used in this thesis. However, the information contained in these databases does not
include all protein-protein interactions due to the technical difficulties of obtaining
data and the lack of knowledge of the interaction of all proteins yet. For some genes
in the transcriptome data, there is no interaction information in the interactome data.
In order not to ignore these proteins which may be important, as also mentioned in
Section 3.6.3, genes selected from any transcriptome data but not found in the
interactome were identified among the datasets selected from the literature and scored

according to the number of transcriptome datasets in which they were significantly
changed. Table 4.7 shows human and mouse genes with highest significance scores.

46



Table 4.7: Human and mouse genes not found in PPI network with highest score.
(F:FALSE, T:TRUE)

Human Mouse
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79815 NIPAL2 7 F |[F |F |F |53313 |Atp2a3 |4 |F |[F |F |F
60526 LDAH 7 F |F |F |F |30955 |Pik3cg |4 |F |F |F |F
100507246 |[SNHG16 7 F |F |[F |F |11305 |Abca2 (4 |F |F |F |F
85315 PAQRS8 7 F |F |F |F (13197 |Gadd45al|4 |F [F |F |T
84798 C190rf48 7 F |IF |F [F (77938 |Fam53b |4 |F |F |F |F
54842 MFSD6 7 F |F |F |F |14456 |Gas6 4 |F |F |F |F
92579 G6PC3 7 F |F |F |F |68818 |Zfand2b [3 |F |F |F |F
3128 HLA-DRB6 6 F |F |F |F |227333|Dgkd 3 |[F |[F |F |F
57567 ZNF319 6 F |F |F [F [226691(Ifi207 |3 |F |F |F |F
100533105 |C8orf44-SGK3 |6 F [F |F |F |57319 |Smpdl3a |3 |F |[F |[F |F

The highest scoring genes that not found in PPI were generally associated with

none of the terms autophagy, ECM, cell cycle, and dormancy. This shows that the

absence of these genes does not cause a great loss of information in the analyses.
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5. Gene-Regulatory Subnetworks

5.1. Data Preparation and Subnetwork Discovery

Transcriptome data that was processed for PPI subnetwork discovery (Section
4.1) were used in these analyses. In gene-regulatory subnetwork discovery, only
interactome data was different from the PPI subnetwork discovery method. Gene-
regulatory networks include transcription factor-gene interactions and they are
directed networks. It means edge is directed from transcription factor to target gene of
the transcription factor. Besides, some parameters of the subnetwork discovery
methods were changed. To decide on the optimal value of the K parameter, different
K values were tried on JB-V and J82 cell lines. Figure 5.1 shows the K value versus
TF number of subnetworks and, Table 5.1 shows the subnetwork sizes for each K
value. K value was chosen as 8 based on this analysis since higher K value allows
existance of more transcription factors in subnetwork and size of subnetwork is not
so big or small when K value was selectad as 8. In BioNet, network type parameter
was chosen as ‘directed’ instead of ‘undirected’ in GR network analyses.

Kvs #TF

Number of TFs

12

®— 182 —8—IB-V

Figure 5.1: K versus number of TFs for J82 and JB-V GR subnetworks.
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Table 5.1: Subnetwork sizes of J82 and JB-V GR cell lines for K parameter

optimization.

J82 JB-V
K #TF | Nodes Edges | #TF | Nodes Edges
0 3 7 6 2 5 4
1 6 32 33 10 56 61
2 8 55 62 11 69 98
3 9 67 72 13 80 123
4 10 77 95 15 88 137
5 11 85 118 18 95 151
6 12 93 126 18 101 172
7 14 98 136 19 106 189
8 15 102 148 21 111 217
9 17 106 147 22 115 229
10 18 110 161 24 118 237

KPM subnetwork discovery analysis of J82 and JB-V cell lines of GSE35947
dataset was performed with K=8, L=0, INES and ACO parameters. Binarization cut-
off was selected as 0.01 for adjusted p-values for both cell lines. Based on this cut-off,
339 genes were differentially expressed in J82 cell line and 283 genes were
differentially expressed in JB-V cell line. 97 percent of transcriptome data was mapped
to GR network. Figure 5.2 shows the biggest subnetworks discovered by KPM analysis
for J82 and JB-V cell lines.

BioNet subnetwork discovery analysis was also performed with the same
dataset. FDR value was chosen as 0.005 for both J82 and JB-V cell lines. The network
after transcriptome data mapping to PPI network consists of 6073 genes and 18263
interactions. Figure 5.3 shows the subnetworks discovered by BioNet analysis for J82

and JB-V cell lines respectively.
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Figure 5.2: KPM GR subnetworks for dataset GSE35947. A)J82 (102 nodes

and 148 edges), B)JB-V (111 nodes and 217 edges)
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Figure 5.3: BioNet GR subnetworks for dataset GSE35947. A)J82 (168 nodes
and 241 edges), B)JB-V (144 nodes and 218 edges.
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The same workflow was applied to all the compared conditions, with parameters

that were mentioned in Section 3. The corresponding cut-off values used for each

comparison are given in Table 3.4 for KPM analysis, and in Table 3.5 for BioNet

analysis. For seven of the comparisons BioNet could not identify any subnetworks.

As a result, 35 gene-regulatory subnetworks were discovered from 21 compared

conditions. The sizes of these subnetworks are shown in Table 5.2.

Table 5.2: Subnetwork sizes of GR subnetworks.

KPM

GEO Code

Compared
Conditions

Nodes

Edges

#TF

#TF

GSE35947

J82 cell line,
dormant vs
proliferative

102

[EEN
(62}

N
N

GSE35947

JB-V cell line,
dormant vs
proliferative

111

217

GSE83142

RNAseq analysis,
dormant vs
proliferative

67

122

14

74

132

14

GSE83142

scRNAseq analysis,
dormant vs
proliferative

59

79

14

50

56

GSE114012

DLDL1 cell line,
dormant vs
proliferative

195

375

39

338

686

65

GSE114012

HCT15 cell line,
dormant vs
proliferative

55

78

13

39

48

GSE114012

HT55 cell line,
dormant vs
proliferative

156

284

36

294

447

61

GSE114012

RKO cell line,
dormant vs
proliferative

497

1116

89

534

1170

98

GSE114012

SW48 cell line,
dormant vs
proliferative

77

134

18

65

95

15

10

GSE114012

SW948 cell line,
dormant vs
proliferative

100

173

24

116

172

29

11

GSE102483

dormant vs
proliferative

87

148

22

47

56

14
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Table 5.2: Continued.

12

GSE20611

dormant vs post-
dormant

170

265

28

37

42

13

GSE64262

dormant vs
proliferative

377

652

18

14

GET77379

PC3 cell line in vivo,
dormant vs
proliferative

186

287

28

15

GE77379

PC3 cell line in
vitro, dormant vs
proliferative

338

595

48

16

GE77379

C42B cell line in
vivo, dormant vs
proliferative

121

181

27

17

GET77379

C42B cell line in
vitro, dormant vs
proliferative

19

22

10

18

GSE57695

dormant vs
proliferative

107

156

32

71

93

19

19

GSE112094

dormant vs
proliferative

209

322

59

183

296

50

20

GSE131890

D2.0R (3D) vs
D2.A1 (3D) cell line,
dormant vs
proliferative

57

68

19

21

GSE131890

D2.0R (3D) vs
D2.0R (2D) cell
line, dormant vs
proliferative

24

25

5.2.

g: Profiler Analysis of Subnetworks

After subnetworks were discovered, enrichment analyses were performed by

0:GOST tool of g:Profiler as mentioned previously. Figure 5.4 and Figure 5.5 shows

the graphic results of g:Profiler of JB-V and J82 cell lines. Table 5.3 shows the a

summary of g:Profiler results of J82 cell line GR subnetwork.
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6 GO:.CC GO:0042613 MHC class Il protein complex 3.008x101°
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3 GOBP GC:0010033 response to organic substance 1.191x10"
4 GOBP GC:0071345 cellular response to cytokine stimulus 2.256x10°12
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6 GO:CC GO:0042613 MHC class Il protein complex 6.140x10"
7 GO:CC GC:0042611 MHC protein complex 6.622x10°1
8 KEGG KEGG:05323 Rheumatoid arthritis 3.585x10°1"
9 KEGG KEGG:04659 Th17 cell differentiation 4.529x107°
10 KEGG KEGG:05140 Leishmaniasis 5.637x1071°
4

Figure 5.4: g:Profiler results of GR subnetworks of J82 cell line for dataset
GSE35947. A) KPM , B) BioNet
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Figure 5.5: g:Profiler results of GR subnetworks of J-BV cell line for dataset
GSE35947. A) KPM , B) BioNet

According to Figure 5.4 and Figure 5.5, in J82 cell line, mostly immune and
immune system related disease terms and terms related to cytokines which play an
important role in intercellular communication were found. In the JB-V cell line, there
are mainly cell cycle terms. The reason for this difference may be that different cell
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lines become dormant through different cellular mechanisms.

Table 5.3: g:Profiler results of GR subnetwork of J82 cell line for dataset

GSE35947.
Source | Term Name Adjusted p-value
GO:MF | peptide binding 2.55E-05
GO:MF | protein-containing complex binding 3.25E-05
GO:MF | identical protein binding 0.000100864
GO:BP | response to cytokine 3.88E-09
GO:BP | response to lipopolysaccharide 4.84E-09
GO:BP | response to molecule of bacterial origin 1.14E-08
GO:BP | cellular response to cytokine stimulus 2.16E-08
GO:BP | cytokine-mediated signaling pathway 2.83E-08
GO:BP | response to abiotic stimulus 2.27TE-07
GO:BP | response to stress 1.12E-06
GO:BP | response to hypoxia 1.17E-06
GO:BP | response to organic substance 1.35E-06
GO:BP | response to decreased oxygen levels 1.77E-06
GO:BP | cellular response to organic substance 2.78E-06
GO:BP | cell population proliferation 2.91E-06
GO:BP | regulation of cell population proliferation 3.19E-06
GO:BP | cell differentiation 0.001951015
GO:BP | interleukin-1 beta production 0.001968143
GO:BP | regulation of immune system process 0.002010233
GO:BP | negative regulation of cell cycle 0.002046997
GO:BP | regulation of response to external stimulus 0.002186582
GO:BP | regulation of cytokine production 0.002457829
GO:BP | cellular response to abiotic stimulus 0.002584872
GO:BP | cellular response to environmental stimulus 0.002584872
GO:BP | negative regulation of cell death 0.002633523
GO:BP | DNA damage response, signal transduction by p53 | 0.002720417
class mediator

GO:BP | myeloid leukocyte activation 0.002732002
GO:BP | response to antibiotic 0.002819711
GO:BP | regulation of lipid metabolic process 0.003018191
GO:CC | external side of apical plasma membrane 0.049954897
KEGG | Hematopoietic cell lineage 9.04E-11
KEGG | Rheumatoid arthritis 1.78E-08
KEGG | Leishmaniasis 3.76E-08
KEGG | Inflammatory bowel disease (IBD) 2.25E-07
KEGG | Antigen processing and presentation 5.99E-07
KEGG | Th17 cell differentiation 1.68E-06
KEGG | Graft-versus-host disease 1.74E-06
KEGG | Human T-cell leukemia virus 1 infection 3.23E-06
KEGG | Type | diabetes mellitus 3.79E-06
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Table 5.3: Continued.

REAC | Cytokine Signaling in Immune system 5.78E-05
REAC | Signaling by Interleukins 0.001135102
REAC | TFAP2 (AP-2) family regulates transcription of cell 0.001480797
cycle factors
REAC | Downstream TCR signaling 0.003258966
REAC | Translocation of ZAP-70 to Immunological synapse 0.004879366
REAC | Interleukin-4 and Interleukin-13 signaling 0.006963825
REAC | Immune System 0.006987582
WP Senescence and Autophagy in Cancer 0.00157859
WP Vitamin D Receptor Pathway 0.001780933
WP Spinal Cord Injury 0.003036575
WP Small cell lung cancer 0.006587222
WP Bladder Cancer 0.006808241
5.3. Integration of Subnetworks

Score tables of genes that appeared in GR and TFless GR subnetworks were

formed as mentioned in Section 4.3 and filtered separately. The unfiltered table
includes 2197 genes for GR subnetworks while the filtered table includes 71 genes.
Table 5.4 shows the filtered score table of GR subnetworks. Table 5.5 shows the a part

of g:Profiler analysis result of genes that found in Table 5.4.

Table 5.4: Filtered score table of all GR subnetworks obtained in this study.

(D) — A -

D) w o = S @ c

s |8 |s=|§ |2 (2 ¥ |®

o 1§ |g |88 18 |z |3 |E |2

c S35 o =L |3 S < z >

[ S 5 = © = 5 = Q. O

S |5 |5 |22l |z |2 |3 |®

T T3 |5 52 | & 3 0 3
1191 CLu 7 7 3 FALSE |TRUE |[TRUE |FALSE
1030 CDKN2B6 6 3 FALSE |[FALSE |TRUE |TRUE
8349 HIST2H2/6 6 4 FALSE |FALSE |[TRUE |FALSE
114907 |FBX032|6 6 2 FALSE |FALSE |FALSE |FALSE
1508 CTSB |6 6 3 FALSE |FALSE [TRUE |FALSE
7057 THBS1 |5 5 3 TRUE |FALSE |TRUE |[TRUE
7422 VEGFA |5 5 5 FALSE |FALSE |[TRUE |FALSE
10769 |PLK2 5 5 2 FALSE [TRUE |FALSE |TRUE
90427 |BMF 5 5 3 FALSE |TRUE [FALSE |FALSE
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Table 5.4: Continued.

2034 EPAS1 |5 5 3 FALSE |FALSE |FALSE |[FALSE
5329 PLAUR |5 5 3 FALSE |FALSE |TRUE [FALSE
3106 HLA-F |5 5 2 FALSE |FALSE |FALSE |[FALSE
9619 ABCG1 |5 5 3 FALSE |FALSE |TRUE |[FALSE
26959 |[HBP1 |5 5 3 FALSE |FALSE |FALSE |TRUE
4088 SMAD3 |5 5 3 FALSE |FALSE |TRUE |TRUE
7832 BTG2 |5 5 4 FALSE |FALSE |TRUE |TRUE
1893 ECM1 |5 5 4 FALSE |FALSE |TRUE |[FALSE
94241  |TPS3INP|5 5 4 FALSE |TRUE |FALSE |TRUE
3913 LAMB2 |4 4 2 FALSE |FALSE |TRUE |[FALSE
4323 MMP14 |4 4 2 FALSE |FALSE |TRUE |FALSE
9572 NR1D1 |4 4 2 FALSE |FALSE |FALSE |[FALSE
489 ATP2A3 |4 4 3 FALSE |FALSE |FALSE |FALSE
604 BCL6 |4 4 3 FALSE |FALSE |FALSE |TRUE
2879 GPX4 |4 4 3 FALSE |FALSE |TRUE |FALSE
3162 HMOX1 |4 4 3 FALSE |TRUE |TRUE [FALSE
639 PRDML1 |4 4 3 FALSE |FALSE |FALSE |FALSE
5054 SERPINE4 4 3 FALSE |FALSE |TRUE |FALSE
8878 SQSTM1|4 4 3 FALSE |TRUE |TRUE |FALSE
972 ROS1 |4 4 4 FALSE |FALSE |TRUE |[FALSE
3553 IL1B 4 4 4 FALSE |FALSE |TRUE |TRUE
3956 LGALSL1 |4 4 4 FALSE |FALSE |TRUE |[FALSE
84617 |TUBB6 |4 4 4 FALSE |FALSE |TRUE |TRUE
467 ATF3 |4 4 2 FALSE |FALSE |TRUE |[FALSE
10370 |CITED2Z |4 4 2 FALSE |FALSE |FALSE |TRUE
80315 |CPEB4 |4 4 2 FALSE |FALSE |TRUE |[FALSE
64065 |PERP |4 4 2 FALSE |FALSE |FALSE |FALSE
26470 |SEZ6L2 |4 4 2 FALSE |FALSE |FALSE |[FALSE
6520 SLC3A2 |4 4 2 FALSE |FALSE |TRUE |FALSE
19 ABCAL |4 4 3 FALSE |FALSE |TRUE |[FALSE
9828 ARHGEHR4 4 3 FALSE |FALSE |FALSE |[FALSE
1917 EEF1A2 |4 4 3 FALSE |TRUE |FALSE |[FALSE
2026 ENO2 |4 4 3 FALSE |FALSE |TRUE |FALSE
355 FAS 4 4 3 FALSE |FALSE |TRUE |[FALSE
2348 FOLR1 |4 4 3 FALSE |FALSE |TRUE |FALSE
10397 |NDRGL1 |4 4 3 FALSE |FALSE |TRUE [FALSE
960 CD44 |4 4 4 FALSE |FALSE |TRUE |FALSE
10018 |BCL2L113 3 2 FALSE |TRUE |FALSE |TRUE
901 CCNG2 |3 3 2 FALSE |FALSE |FALSE |TRUE
1490 CTGF |3 3 2 FALSE |FALSE |TRUE |TRUE
1543 CYPI1ALl|3 3 2 FALSE |FALSE |TRUE |TRUE
1643 DDB2 |3 3 2 FALSE |FALSE |FALSE |[FALSE
3383 ICAM1 |3 3 2 FALSE |FALSE |TRUE |FALSE
23135 |KDMG6B |3 3 2 FALSE |FALSE |FALSE |FALSE
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Table 5.4: Continued.

9314 KLF4 |3 4 2 FALSE |FALSE |FALSE |TRUE

81631 |MAP1LC3 3 2 FALSE |TRUE |TRUE |[FALSE
9462 RASAL2|3 3 2 FALSE |FALSE |FALSE |FALSE
6590 SLPI 3 3 2 FALSE |FALSE |TRUE |[FALSE
7008 TEF 3 3 2 FALSE |FALSE |FALSE |FALSE
7077 TIMP2 |3 3 2 FALSE |FALSE |TRUE |TRUE

219699 [UNCSB |3 3 2 FALSE |FALSE |FALSE |[FALSE
64393 |[ZMAT3 |3 3 2 FALSE |FALSE |FALSE |[FALSE
51129 |ANGPTL3 3 3 FALSE |FALSE |TRUE |FALSE
360 AQP3 |3 3 3 FALSE |FALSE |TRUE |[FALSE
8553 BHLHE4{3 3 3 FALSE |FALSE |FALSE |FALSE
6347 CCL2 |3 3 3 FALSE |FALSE |TRUE [FALSE
10129 |FRY 3 3 3 FALSE |FALSE |FALSE |FALSE
10765 |KDM5B |3 3 3 FALSE |FALSE |FALSE |[FALSE
7277 TUBA4A3 3 3 FALSE |FALSE |TRUE |TRUE

Genes found in the filtered list, similar to PPl analysis, are mainly associated

with autophagy, ECM, and the cell cycle. However, no genes associated with

dormancy has been found. This may be because there are few genes in the dormancy

list. But terms related tometastasis and dormancy mechanism like “angiogenesis”,

“hypoxia” and “cell population proliferation” are found in g:profiler analysis of

filtered gene list.

Table 5.5: g:Profiler result of filtered gene list of all GR subnetworks.

Source Term Name Adjusted p-
value
GO:BP response to stress 1.7E-06
GO:BP vasculature development 1.9E-06
GO:BP circulatory system development 1.9E-06
GO:BP anatomical structure formation involved in 2.0E-06
morphogenesis
GO:BP cardiovascular system development 2.1E-06
GO:BP Angiogenesis 5.7E-06
GO:BP animal organ development 1.8E-05
GO:BP cell population proliferation 1.8E-05
GO:BP regulation of cell adhesion 2.0E-05
GO:BP response to hypoxia 0.00027
GO:BP immune system development 0.00032
GO:BP response to decreased oxygen levels 0.00033
GO:BP positive regulation of gene expression 0.00034
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Table 5.5: Continued.

REAC FOXO-mediated transcription 0.02346

REAC Regulation of gene expression by Hypoxia-inducible | 0.0259
Factor

REAC Signaling by TGF-beta Receptor Complex 0.02919

WP Vitamin D Receptor Pathway 0.00194

WP Senescence and Autophagy in Cancer 0.00472

WP Platelet-mediated interactions with vascular and | 0.0445
circulating cells

Then, the filtered lists based on significance score were mapped on the genome

scale GR network and connected genes were extracted. 15 out of 71 genes interact in

the GR networks. Figure 5.6 shows the network of filtered genes of GR subnetworks.
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VEGFA —— EFPAS1T —— MMP14

Figure 5.6: Network of genes from the filtered GR score list.
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5.4. Drug Repositioning Analysis of GR Subnetworks

Drug repositioning analysis was performed similarly to Section 4.4, which was
for protein interaction subnetworks was also performed for gene regulation
subnetworks. For this purpose, the genes included in the filtered score list were used
as target genes, and drugs that target the target genes were identified by comparing
them with gene-drug interactions from the DrugBank database. Drugs targeting at least
two of the genes in the target gene list are shown in Table 5.6.

Table 5.6: The drugs that target at least 2 genes from the filtered score table (Table
5.4) of GR subnetworks.

Drug Score |Genes Group

UROKINASE 2 PLAUR,SERPINEL |approved, investigational
TENECTEPLASE |2 PLAUR,SERPINE1 |approved

RETEPLASE 2 PLAUR,SERPINE1 |approved, investigational
MINOCYCLINE |2 IL1B,VEGFA approved, investigational
HYALURONIC

ACID 2 CD44,ICAM1 approved

FOSTAMATINIB |2 ROS1,PLK2 approved, investigational
FORESKIN

KERATINOCYTE |2 IL1B,VEGFA approved

(NEONATAL)

CYT997 2 TUBB6,TUBA4A |investigational

COPPER 2 CLU,SERPINE1 |approved, investigational
CHONDROITIN approved, investigational,
SULFATE 2 VEGFA.CCL2 nutraceutical

ATP 2 ABCG1, ABCA1 |investigational, nutraceutical
ARTENIMOL 2 LGALS1,TUBB6 |experimental, investigational
ANISTREPLASE |2 PLAUR,SERPINE1 |approved

ALTEPLASE 2 PLAUR,SERPINE1 |approved

Similar to PPI results, the drugs in Table 5.6 have been shown to target related
genes, but many of them are unknown pharmacological action or mechanism of action

on genes.

61



5.5. TFless Gene Regulatory Networks

Transcription factors are key players in the cells for gene expression regulation.
Although the target genes alter their gene expression levels in response to condition
changes, gene expression levels of TFs are usually constant in the cell. Based on this
phenomenon, the GR network downloaded from TRRUST and RegNetwork were used
to generate a TFless GR network which was also used for subnetwork discovery. The
aim of the construction of TFless gene regulatory network is to remove TFs, which do
not show significant changes in the transcriptome data, from the network while
keeping their regulatory effect still in the network (Figure 3.1). K value was selected
as 2 in the KPM analysis of TFless GR networks.BioNet network type was chosen as
‘undirected’ because TFless network is the TF-eliminated version of GR network and
the edges do not have direction as mentioned in Section 3.4. 96.9 percent of
transcriptome was mapped to TFless GR network in the KPM analysis of J82 and JB-
V cell lines.. Table 5.7 shows the sizes of subnetwork obtained by mapping all
comparisons to TFless GR networks.

Table 5.7: Subnetwork sizes of TFless GR subnetworks.

KPM BioNet

#| GEO Compared Conditions Nod | Edg | Nod | Edg
Code es es es es

1| GSE3594 | J82 cell line, dormant vs proliferative | 138 | 1817 | 258 | 6403
7

2| GSE3594 | JB-V cell line, dormant vs|130 |2464 |213 |5762
7 proliferative

3| GSE8314 | RNAseq analysis, dormant vs |78 918 |99 1431
2 proliferative

4 | GSE8314 | scRNAseq analysis, dormant vs | 66 559 |90 1119
2 proliferative

5| GSE1140 | DLD1 cell line, dormant vs|233 |7583 |406 | 2275
12 proliferative 1

6| GSE1140 | HCT15 cell line, dormant vs |64 315 |82 520
12 proliferative

7| GSE1140 | HT55 cell line, dormant wvs|206 |4015 |479 | 1765
12 proliferative 0
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Table 5.7: Continued.

8 GSE114012 | RKO cell line, dormant vs | 545 | 33781 | 628 | 43254
proliferative

9 GSE114012 | SW48 cell line, dormant vs | 94 956 87 912
proliferative

10 | GSE114012 | SW948 cell line, dormant vs | 124 | 1527 194 | 4259
proliferative

11 | GSE102483 | dormant vs proliferative 105 | 1145 85 761

12 | GSE20611 | dormant vs post-dormant 239 | 4530 57 371

13 | GSE64262 | dormant vs proliferative 86 725 - -

14 | GE77379 PC3 cell line in vivo, | 256 | 5662 - -
dormant vs proliferative

15 | GE77379 PC3 cell line in vitro, | 389 | 13353 |- -
dormant vs proliferative

16 | GE77379 C42B cell line in vivo, | 160 | 2106 - -
dormant vs proliferative

17 | GE77379 C42B cell line in vitro, | 19 40 - -
dormant vs proliferative

18 | GSE57695 | dormant vs proliferative 153 | 1341 326 | 5323

19 | GSE112094 | dormant vs proliferative 303 | 4649 318 | 5116

20 | GSE131890 | D2.OR (3D) vs D2.A1 (3D) | 133 | 1180 - -
cell line, dormant vs
proliferative

21 | GSE131890 | D2.OR (3D) vs D2.0OR (2D) | 65 300 - -
cell line, dormant vs
proliferative

After subnetworks were discovered, g:Profiler analysis was performed as

described previously. Figure 5.7 and Figure 5.8 shows the g:Profiler results of J82 and

JB-V cell lines. Table 5.8 shows the a part of g:Profiler results of J82 cell line TFless
GR subnetwork.
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Figure 5.7:

g:Profiler results of TFless GR subnetworks of J82 cell line for dataset
GSE35947. A) KPM , B) BioNet
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Figure 5.8: g:Profiler results of TFless GR subnetworks of JB-V cell line for
dataset GSE35947. A) KPM , B) BioNet

TFless GRN g: profiler results are very similar to results of GR network analysis

for both cell lines. Majority of terms are related to stress and immune system in J82

cell line, and related to cell cycle in JB-V cell line.
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Table 5.8: g:Profiler results of TFless GR subnetwork of J82 cell line for dataset

GSE35947.
Source | Term Name Adjusted p-value
GO:MF | peptide binding 0.000783645
GO:MF | amide binding 0.000847658
GO:MF | peptide antigen binding 0.00085265
GO:BP | response to stress 1.64E-10
GO:BP | response to molecule of bacterial origin | 2.59E-10
GO:BP | response to other organism 8.55E-09
GO:BP | immune response 4.60E-07
GO:BP | response to bacterium 5.23E-07
GO:BP | regulation of response to stimulus 6.23E-07
GO:BP | cell activation 7.18E-07
GO:BP | cell population proliferation 7.89E-07
GO:BP | activation of immune response 0.000375134
GO:BP | leukocyte mediated immunity 0.000429494
GO:BP | cell differentiation 0.000437353
GO:BP | regulation of defense response 0.000446737
KEGG | Hematopoietic cell lineage 2.68E-09
KEGG | Rheumatoid arthritis 1.92E-08
KEGG | Asthma 1.19574E-06
REAC | Immune System 1.00654E-05
REAC | MHC class Il antigen presentation 0.000125356
REAC | Downstream TCR signaling 0.000177672
REAC | Adaptive Immune System 0.00087662
WP Allograft Rejection 0.000327908
WP Cytokines and Inflammatory Response | 0.002690271
WP Nuclear Receptors Meta-Pathway 0.011714112
WP Senescence and Autophagy in Cancer | 0.011852769

Finally, a score table was generated and filtered for TFless subnetworks as

described previously. The unfiltered table includes 3006 genes for TFless subnetworks

while the filtered table includes 111 genes. Table 5.9 shows the filtered score table of

TFless subnetworks.
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Table 5.9: Filtered score table of all TFless GR subnetworks obtained in this study.

_ g

g @ £ < 3 5 % g
= < g 5 |3 2 = 2 2
S | s |12 |l | |5 |& |5
£ £ = £ 2 £ S = =
S = k=) S C o > O @
I T n N < [a)] < L ®)
1191  [CLU 8 8 4 FALSE |TRUE |TRUE |FALSE
4758  |NEUL 7 7 3 FALSE |FALSE |TRUE |FALSE
1728 |NQO1 6 6 5 FALSE |FALSE |TRUE |FALSE
3304 |HSPA1IB |6 6 4 FALSE |FALSE |TRUE [TRUE
9572  |NR1D1 6 6 4 FALSE |FALSE |FALSE |FALSE
1030 |CDKN2B |6 6 3 FALSE |FALSE |TRUE [TRUE
8349  |HIST2H2BE |6 6 4 FALSE |FALSE |TRUE |FALSE
114907 |FBX032 |6 6 2 FALSE |FALSE |FALSE |FALSE
1508  |CTSB 6 6 3 FALSE |FALSE |TRUE |FALSE
9619 |ABCG1 6 6 4 FALSE |FALSE |TRUE |FALSE
10133  |OPTN 6 6 5 FALSE |TRUE |FALSE |[TRUE
7057  |THBS1 5 5 3 TRUE |FALSE |[TRUE |TRUE
718 C3 5 5 4 FALSE |FALSE |TRUE |FALSE
7422  |VEGFA 5 5 5 FALSE |FALSE |TRUE |FALSE
10769  |PLK2 5 5 2 FALSE |TRUE |FALSE |[TRUE
90427 |BMF 5 5 3 FALSE [TRUE |FALSE |[FALSE
10370 |CITED2 5 5 3 FALSE |FALSE |FALSE |[TRUE
2034  |EPAS1 5 5 3 FALSE |[FALSE |FALSE |[FALSE
2548  [GAA 5 5 3 FALSE |[FALSE [TRUE |[FALSE
5329  |PLAUR 5 5 3 FALSE |[FALSE [TRUE |[FALSE
4035  |LRP1 5 5 4 FALSE |[FALSE |[TRUE |[FALSE
23135 |KDM6B 5 5 4 FALSE |[FALSE |FALSE |FALSE
3106  |HLA-F 5 5 2 FALSE |[FALSE |FALSE |FALSE
19 ABCAL 5 5 3 FALSE |[FALSE |[TRUE |[FALSE
4088  |SMAD3 5 5 3 FALSE |FALSE |[TRUE |[TRUE
7077 |TIMP2 5 5 3 FALSE |FALSE [TRUE |[TRUE
7832 |BTG2 5 5 4 FALSE |FALSE [TRUE |[TRUE
1893  |[ECM1 5 5 4 FALSE |[FALSE [TRUE |[FALSE
94241 |TPS3INPL |5 5 4 FALSE |TRUE |[FALSE |TRUE
9590 |AKAP12 |4 4 2 FALSE |[FALSE |FALSE |FALSE
25805 |BAMBI 4 4 2 FALSE |[FALSE |FALSE |FALSE
3659 |IRF1 4 4 2 FALSE |FALSE |FALSE |TRUE
3913  [LAMB2 4 4 2 FALSE |[FALSE [TRUE |[FALSE
55818 |KDM3A |4 4 2 FALSE |FALSE |FALSE |[FALSE
4323 |MMP14 4 4 2 FALSE |[FALSE [TRUE |[FALSE
653361 |NCF1C 4 4 2 FALSE |FALSE |FALSE |[FALSE
59 ACTA2 4 4 3 FALSE |FALSE |[TRUE |FALSE
489 ATP2A3 |4 4 3 FALSE |FALSE |FALSE [FALSE
604 BCL6 4 4 3 FALSE |FALSE |FALSE |[TRUE
966 CD59 4 4 3 FALSE |FALSE |[TRUE [FALSE
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Table 5.9: Continued.

1026 |CDKNIA  [4 6 3 TRUE |FALSE [TRUE |TRUE
4189 |DNABY |4 4 3 FALSE |[FALSE [TRUE [FALSE
2879 |GPX4 4 4 3 FALSE |[FALSE [TRUE [FALSE
3162 [HMOX1  [4 4 3 FALSE [TRUE [TRUE [FALSE
639 PRDM1 |4 4 3 FALSE [FALSE [FALSE [FALSE
8878 [SQSTML  [4 4 3 FALSE [TRUE [TRUE [FALSE
5054  [SERPINE1 |[4 4 3 FALSE |[FALSE [TRUE [FALSE
972 ROS1 4 4 4 FALSE [FALSE [TRUE [FALSE
1628 |DBP 4 4 4 FALSE |FALSE [FALSE [FALSE
2217 |FCGRT 4 4 4 FALSE [FALSE [FALSE [FALSE
3956 |[LGALS1 |4 4 4 FALSE |[FALSE [TRUE [FALSE
3553 [IL1B 4 4 4 FALSE |[FALSE [TRUE [TRUE
3119 [HLA-DRB6 |4 4 4 FALSE [FALSE [FALSE [FALSE
84617 |TUBB6 4 4 4 FALSE |[FALSE [TRUE [TRUE
467 ATF3 4 4 2 FALSE |[FALSE [TRUE [FALSE
80315 |CPEB4 4 4 2 FALSE |[FALSE [TRUE [FALSE
26959 [HBP1 4 4 2 FALSE |FALSE [FALSE [TRUE
64065 |PERP 4 4 2 FALSE [FALSE [FALSE [FALSE
5252 |PHF1 4 4 2 FALSE [FALSE [FALSE [FALSE
26470 [SEzZ6L2 |4 4 2 FALSE [FALSE [FALSE [FALSE
6520 [SLC3A2  [4 4 2 FALSE |[FALSE [TRUE [FALSE
219699 |UNC5B 4 4 2 FALSE |[FALSE [FALSE [FALSE
2026 |ENO2 4 4 3 FALSE |FALSE |[TRUE [FALSE
1917 |[EEF1A2  [4 4 3 FALSE |[TRUE [FALSE [FALSE
56204 |[FAM214A [4 4 3 FALSE [FALSE [FALSE [FALSE
355 FAS 4 4 3 FALSE |[FALSE [TRUE [FALSE
2348 |FOLR1 4 4 3 FALSE [FALSE [TRUE [FALSE
10765 |KDM5B |4 4 3 FALSE [FALSE [FALSE [FALSE
10397 [NDRG1 |4 4 3 FALSE [FALSE [TRUE [FALSE
4854  [NOTCH3 |4 4 3 FALSE [FALSE [TRUE [FALSE
9828  |ARHGEF17 [4 4 3 FALSE |FALSE [FALSE [FALSE
960 CD44 4 4 4 FALSE |[FALSE [TRUE [FALSE
5360  [PLTP 4 4 4 FALSE |[FALSE [TRUE [FALSE
8992  |ATP6VOEL |3 3 2 FALSE [TRUE [FALSE [FALSE
10018 [BCL2L11 |3 3 2 FALSE |[TRUE |FALSE [TRUE
1490  [CTGF 3 3 2 FALSE |[FALSE [TRUE [TRUE
901 CCNG2 3 3 2 FALSE [FALSE [FALSE [TRUE
1543 [CYPIAL |3 3 2 FALSE |[FALSE [TRUE [TRUE
1643 |DDB2 3 3 2 FALSE [FALSE [FALSE [FALSE
3958 [LGALS3  [3 3 2 FALSE |[FALSE [TRUE [FALSE
8347  |HIST1H2BC [3 3 2 FALSE |[FALSE [TRUE [FALSE
85236 |HIST1H2BK |3 3 2 FALSE [FALSE [TRUE [FALSE
3383 [ICAML 3 3 2 FALSE |FALSE [TRUE [FALSE
23338 [JADE2 3 3 2 FALSE |[FALSE [TRUE [FALSE
8425  |LTBP4 3 3 2 FALSE [FALSE [TRUE [FALSE
9961  [MVP 3 3 2 FALSE |[FALSE [TRUE [FALSE
81631 |[MAP1LC3B2[3 3 2 FALSE |TRUE [TRUE [FALSE
1397 |- 3 3 2 FALSE [FALSE [FALSE [FALSE
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Table 5.9: Continued.

9462 RASALZ2 3 3 2 FALSE |FALSE |FALSE |FALSE
6590 SLPI 3 3 2 FALSE |FALSE |TRUE |FALSE
10580 |SORBS1 3 3 2 FALSE |FALSE |FALSE |FALSE
7008 TEF 3 3 2 FALSE |FALSE |FALSE |FALSE
64393 |ZMAT3 3 3 2 FALSE |FALSE |FALSE |FALSE
51129 |ANGPTL4 |3 3 3 FALSE |FALSE |TRUE |FALSE
360 AQP3 3 3 3 FALSE |FALSE |TRUE |FALSE
8553 BHLHE40 |3 3 3 FALSE |FALSE |FALSE |FALSE
84699 [CREB3L3 |3 3 3 FALSE |FALSE |FALSE |FALSE
6347 CCL2 3 3 3 FALSE |FALSE |TRUE |FALSE
9451 EIF2AK3 3 3 3 FALSE |FALSE |TRUE |FALSE
10129 |FRY 3 3 3 FALSE |FALSE |FALSE |FALSE
3488 IGFBP5 3 3 3 FALSE |FALSE |TRUE |FALSE
3108 HLA-DMA |3 3 3 FALSE |FALSE |FALSE |FALSE
4320 MMP11 3 3 3 FALSE |FALSE |TRUE |FALSE
57326  |PBXIP1 3 3 3 FALSE |FALSE |FALSE |FALSE
5802 PTPRS 3 3 3 FALSE |FALSE |TRUE |FALSE
6662 SOX9 3 3 3 FALSE |FALSE [TRUE |TRUE

1831 TSC22D3 |3 3 3 FALSE |FALSE |FALSE |FALSE
7277 TUBA4A 3 3 3 FALSE |FALSE |[TRUE |TRUE

When Table 5.9 compared with Table 5.4,

it is seen that the genes obtained in

TFless GR network analysis cover all but one ("Kruppel like factor 4" (KLF4)) of the

genes obtained in GR nework analysis. In the g: Profiler analysis of the GSE35947

dataset, very similar results were obtained for both TFless GR network and GR

network. Accordingly, it can be concluded that although the number of genes in TFless

GR network is high, the subnetworks are functionally similar to the GR network.

Then filtered lists were mapped on human genome scale TFless GR network

and interacting parts were extracted. 110 out of 110 genes interact in TFless networks.

There were 111 genes in filtered list but only 110 genes were mapped to human

network because one gene (Crip2) was only found in the mouse network. Figure 5.9

shows the network of filtered genes of TFless subnetworks.
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Figure 5.9: Network of genes that found in filtered TFless GR network score

list.

Finally, the drug repositioning study, which was also applied for the results of

PPI and GR networks, was also applied to TFless GR subnetworks. For this purpose,

the genes in the filtered score table were used as target genes. Drugs targeting these

genes were identified using drug-gene interaction data from the DrugBank database.

Table 5.10 shows the list of drugs targeting at least 2 of the target genes.
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Table 5.10: The drugs that target at least 2 genes from the filtered score table (Table
5.9) of TFless GR subnetworks.

Drug Score |Genes Group
COPPER 4 C3, HIST1H2BC, CLU, approved,
SERPINE1 investigational
FOSTAMATINIB 3 DDR1, ROS1, PLK2 approved,
investigational
TENECTEPLASE |3 SERPINEL, PLAUR, LRP1|approved
ALTEPLASE 2 SERPINEL, PLAUR approved
ANISTREPLASE 2 SERPINEL, PLAUR approved
ARTENIMOL 2 TUBB6,LGALS1 experimental,
investigational
ATP 2 ABCA1, ABCG1 investigational,
nutraceutical
CHONDROITIN 2 CCL2,VEGFA approved,
SULFATE investigational,
nutraceutical
CYT997 2 TUBA4A, TUBB6 investigational
FORESKIN 2 IL1B,VEGFA approved
KERATINOCYTE
(NEONATAL)
HYALURONIC 2 CD44,ICAM1 approved
ACID
LANOTEPLASE 2 LRP1,PLAUR investigational
MARIMASTAT 2 MMP14,MMP11 investigational
MINOCYCLINE 2 IL1B,VEGFA approved,
investigational
PHENETHYL 2 ACTA2, TUBA4A investigational
ISOTHIOCYANATE
RETEPLASE 2 PLAUR, SERPINE1 approved,
investigational
UROKINASE 2 SERPINEL,PLAUR approved,
investigational,
withdrawn
ZINC 2 CLU,C3 approved,
investigational
ZINC ACETATE 2 CLU,C3 approved,
investigational
ZINC CHLORIDE |2 CLU,C3 approved,

investigational

The drug candidates found as a result of TFless GR network analyses include

the whole drug candidates found in the GR network analysis. Considering that TFless

GR network target gene list cover GR network target gene lists, this is an expected

result.
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6. DISCUSSION

Cancer is one of the most important lethal diseases. The most important reason
for cancer to be fatal is metastasis of cancer, which is due to the dissemination of
cancer cells to other body parts. In addition, these metastatic cells can resist treatment
and remain silent without showing signs of disease for years and then relapse. For
these reasons, understandingthe mechanisms underlying metastatisis crucial for
developing efficient therapies. To achieve this purpose in this study, computational
techniques were used to reveal cellular mechanisms that have role in metastasis.

Firstly, cancer datasets were chosen from GEO database [Barrett et al., 2012].
All dataset includes dormant and proliferative cancer samples. Dormant versus
proliferative conditions were chosen for comparison to understand the changes
between cancer and pre-metastatic cells. In this study, a comparative computational
analysis of cancer and dormant conditions in humans and mice was performed to
understand the changes in the cellular mechanisms of cancer cells before relapse,
called macro metastasis.

In the computational analysis of datasets, two subnetwork discovery methods,
KPM and BioNet based on the study by Batra and collegues, which showed their
superiority [Batra et al., 2017].

Different compared conditions in all datasets were analyzed by these two
subnetwork discovery tools. As shown in Table 4.2, Table 5,2 and Table 5.4, the
success of finding subnetwork of KPM, especially in mouse datasets, was higher than
BioNet. This may be due to the differences in algorithms used by the two tools and the
way they use the data. For example, KPM receives the expression data in a binarized
manner, consisting of 1 and 0, and data is usually binarized by using adjusted p-values.
In BioNet, unadjusted p-values are used, and the tool adjusts the p-values . In addition,
because of these characteristics, KPM considers all of the genes that change
significantly as if they have changed significantly at the same rate, and ignores the
difference between p-value 0.01 and p-value 0.00001. BioNet uses this information
because it takes p-values directly. Also, KPM considers unmapped nodes of
interactome as exception nodes, which are the nodes that didnot change significantly.
However, BioNet ignores these nodes in its analyses.

The binarization cut-off used in KPM when creating subnetworks and FDR
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values used in BioNet were adjusted to keep subnetwork sizes similar in all analyses.
However, since the p-value ranges of each compared conditions were different from
each other, the subnetwork dimensions were not found to be similar in all analyses.
Although the subnetwork dimensions are different, the results of g: Profiler have
similar terms between different compared conditions. Moreoversimilar terms were
obtained in the PPI, GR network and TFless GR network results of the same compared
condition. This shows that the subnetworks obtained in the analyses are consistent
although they come from different studies and belong to different types of cancer and
even different organisms.

In g: Profiler analyses, the most common terms in both PPI, GR network and
TFless GR network in different datasets are terms related to cell cycle and response to
stress of cells. These are expected results because, as mentioned earlier, the cells stop
dividing in the case of dormancy. Furthermore, tumor cells separated from the main
tissue are exposed to many stresses, such as hypoxia and immune system, in the new
tissue they reach. They change their cellular mechanisms in order to survive and adapt
to the environment [Endo and Inoue, 2019, Gomis and Gawrzak, 2016].

Subsequently, to analyse subnetworks deeply, the genes common in many
subnetworks were identified. These genes were filtered so that appearing at least in 2
datasets and having a subnetwork score of at least 3 were retained. Fold changes were
also checked and only the genes that showed increased mRNA abundance in the
majority of subnetworks were kept for further analysis. These filtered gene lists were
identified separately for PPI network, GR network and TFless GR network. As a result,
it was observed that all genes in the GR network filtered list except the "Kruppel like
factor 4" (KLF4) gene were included in the TFless GR network list. Therefore, it is
reasonable to take only the genes in the GR network list as a result of the GR network
analysis. When the genes in the PPl and GR lists are compared, 34 genes are common
in these two lists. These common genes are shown in Table 6.1.

73



Table 6.1 : Common filtered genes in PP1 and GR subnetwork score lists.

Human Genesymbol |Human Gene ID |PPI Score [GR Score
CLU 1191 7 9
HIST2H2BE 8349 6 6
FBX032 114907 6 6
CDKNZ2B 1030 6 5
CTSB 1508 6 S)
PLAUR 5329 5 S)
THBS1 7057 5 5
PLK?2 10769 5 o)
ECM1 1893 5 4
SMAD3 4088 5 4
VEGFA 7422 5 4
ABCG1 9619 5 4
TP53INP1 94241 5 4
BCL6 604 4 4
CD44 960 4 4
ROS1 972 4 4
EEF1A2 1917 4 4
GPX4 2879 4 4
HMOX1 3162 4 4
SLC3A2 6520 4 4
SQSTM1 8878 4 4
NR1D1 9572 4 4
ICAM1 3383 3 4
TIMP2 7077 3 4
KDM5B 10765 3 4
BTG2 7832 5 3
ENO2 2026 4 3
LGALS1 3956 4 3
NDRG1 10397 4 3
SEZ6L2 26470 4 3
AQP3 360 3 3
RASAL?2 9462 3 3
KDM6B 23135 3 3
ZMAT3 64393 3 3

The top 10 of these common genes with the highest scores are those previously

associated with cancer metastasis and/or treatment resistance. For example, inhibition

of CLU (clusterin) reduces the sensitivity of prostate cancer cells to chemotherapy and
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CLU is highly expressed in drug-resistant cancer cells [Patterson et al., 2006, Wilson
and Zoubeidi, 2017]. In addition, the CLU gene has been shown to induce EMT in
lung cancer [Jin et al., 2017]. Nayak and collegues showed that HIST1H2BE is
overexpressed in treatment resistant breast cancer cells [Nayak et al., 2015]. FBX032
IS ubiquitinated to stabilize CtBP1, which induces transcription of genes for creating
suitable microenvironment for EMT progression [Sahu et al., 2017]. Chen and
collegues reported that CDKN2B expression is upregulated in gastric cancer and it is
correlated with terms like invasion and distant metastasis [Chen et al., 2019]. Also,
Roshan and collegues demonstrated that downregulation of CDKN2A and CDKN2B
Is associated with the recurrence of oral squamous cell carcinoma [Deepak Roshan et
al., 2019]. CTSB has roles in cell invasion and metastasis of colorectal cancer [Bian et
al., 2016].

Obviosly, genes that were identified in these analyses are involved in
mechanisms such as metastasis and resistance to treatment, which are characteristics
of dormant cells. Thus, drugs targeting the proteins expressed by these genes can be
used to destroy the dormant cancer cells. Developing new drugs is both costly and
time-consuming process. However, drug repositioning studies allow the use of existing
drugs for other indications. Thus, treatments can be improved quickly and cheaper. In
this thesis study, drugs and genes targeted by drugs were downloaded from DrugBank
database for drug repositioning. The proposed target genes in filtered score lists were
compared with DrugBank drug target list and drugs that target proposed genes were
identified. Table 6.2 shows the common drugs for PPl and GR subnetwork analyses.

Table 6.2: Common drugs in PPl and GR subnetwork score lists

Dr Target Genes Comes  |Target Genes

1o From PPI list Comes From GR list
ARTENIMOL LDHA, LGALS1 LGALS1, TUBB6

APP, C3, CLU, GSN,

COPPER LDHA, RPS2 CLU, SERPINE1
FOSTAMATINIB DDR1, PLK2, ROS1 ROS1, PLK2
HYALURONIC ACID |CD44, ICAM1 CD44, ICAM1
TENECTEPLASE LRP1, PLAUR PLAUR, SERPINE1

The 5 drugs shown in Table 6.2 target the genes that have changed significantly

in case of dormancy in different cancer samples analysed within the scope of this
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thesis. Hyaluronic acid and Tenectaplase have an activating effect on the targeted
genes. However, in this thesis study, selected drug target genes are genes that are
upregulated in case of dormancy. For this reason, it may not be appropriate to use these
two drugs for the destruction of dormant cells. The pharmacological action of
Artenimol and Copper on target genes is unknown. Therefore, further research is
needed to propose that these drugs can be used to destroy dormant cells.Fostamatinib
has inhibitor effect on all target genes. Therefore, Fostamatinib is a strong candidate

for destroying cancer cells.
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7. CONCLUSIONS

The analysis of genes that change significantly in the transcriptome data of
disease and healthy conditions is a widely used method to understand mechanism of
diseases [Jiang et al., 2015]. However, more complex methods are needed to elucidate
the molecular mechanisms of complex organisms affected in diseases. Nowadays,
network-based analysis of transcriptome data is a commonly used method to
investigate the etiology of diseases [Batra et al., 2017]. In this approach, the
information of the gene expression is combined with the molecular interaction
information of the organism of interest. Molecular interactions can be protein
interactions, transcription factor-gene interactions, or metabolomic interactions.

Within the scope of this thesis, transcriptome data of different types of cancer in
human and mouse were used to perform differential expression analysis of dormancy
and cancer conditions, and obtained p-values were mapped on protein-protein
interaction and gene-regulatory networks of the relevant organism by two different
subnetwork discovery tools, KPM and BioNet, to extract sub-networks that are enrichd
in significantly changed genes. The results show that the two different subnetwork
discovery methods KPM and BioNet give similar results.KPM performs better in
finding subnetworks in some cases where BioNet cannot find a subnetwork.

In this study, 10 different datasets and 21 different dormancy-cancer
comparisons were analysed and subnetworks of PP1 and GR networks were identified.
Then, the genes in the subnetwork were combined to determine the most common
genes in all subnetworks. The analyzed datasets belong to seven different cancer types.
Therefore, the genes which are found to be significantly changed in many subnetworks
have changed in dormancy in different cancer types. It is thought that the identified
genes with high score in different subnetworks can be used as a drug target or
biomarker for the destruction of dormant cells in cancer. The killing of dormant cells
can reduce the risk of metastasis after treatment and increase survival time of patients.
For this reason, drug re-positioning analysis was performed in order to find drugs that
target important genes in dormancy. The identified drugs as a result of this analysis
can be used to destroy dormant cancer cells. The next step is to perform experimental
validation of the effect of the identified drugs.

Furthermore, the gene expression data of dormant cancer cells is very limited in
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the literature. In this thesis, all datasets found in the literature containing dormant and
proliferative samples that are suitable for computational analysis were used. However,
due to limited data, cancer-specific analyses or metastatic-level specific analyses could
not be performed. In future studies, with the increase in the data set in the literature
and the development of computational methods, more specific analyses will contribute

to a better understanding of the dormancy mechanism.
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