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ABSTRACT

ANALYSIS OF INTRA-TUMORAL HETEROGENEITY IN CONTEXT OF TISSUE
SPECIFIC GENE EXPRESSION WITH COMPUTATIONAL APPROACH

Hatice Blisra KONUK

Department of Bioengineering

MSc. Thesis

Adviser: Assist. Prof. Dr. Alper YILMAZ

Identification of tissue-specific genes is essential for understanding molecular
mechanisms. Intra-tumoral heterogeneity as diversity among cells and layers of tissues
in only one single tumor limits therapeutic efficacy. Tumor heterogeneity is animportant
challenge for successful personalized medicine.

We aimed to identify tissue-specific genes rigorously for examining intersection
between differentially expressed genes (DEG) and tissue specificgenes, analyzing cancer
gene expressions in terms of tissue specificity, demonstration and interpretation of
intra-tumoral heterogeneity, revealing specific molecular targets for tumors and
elucidating roles of tissue-specific genes in biological processes.

Gene expression, derived from five RNA-Sequencing projects, spanning 96 human
tissues were used. Detection of tissue-specific genes not only included tau, but also
required integrating of tau and statistical distance. This new method is defined as
“extended tau”. We investigatedintersection of 16 different cancer DEG with specifically
expressed genes in corresponding tissue. After that, gene expressiondata for 11 primary
solid tumors, retrieved from The Cancer Genome Atlas (TCGA), were analyzed by
integrating our tissue specificity findings. Significant genes obtained after all calculations
were functionally annotated for identifying their roles.

Consequently, we successfully assigned genes to multiple tissues by extended tau. Then
discovered that DEG in a cancer tissue has low overlap with genes specific to that tissue.
Most importantly, we identified candidate biomarkers for heterogeneity exhibiting gene
expression in cancer tissue although its expressionis restricted to unrelated tissue. The
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genes identified in our study were already shown in literature to be associated with
tumor heterogeneity or geneticinstability of cancer cells for various cancers. Our results
are likely to contribute to the road paved by many researchers trying to understand
cancer for many years by bringing the tissue-specific genes into the scene.

Keywords: Tissue specific genes, RNA-Sequencing, tau score, statistical distance, tumor
heterogeneity, genetic instability of cancer cell.
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OZET

TUMOR iCi HETEROJENITENIN DOKUYA SPESIFIK GENLER iLE iLiSKiSININ
HESAPSAL YAKLASIMLA iNCELENMESI

Hatice Blisra KONUK

Biyomihendislik Anabilim Dali

Yiksek Lisans Tezi
Tez Danismani: Yrd. Dog. Dr. Alper YILMAZ

Dokulardaki molekiiler mekanizmalarin anlasilmasi i¢in dokuya 0zgli genlerin
tanimlanmalarina ihtiyag vardir. Timor igi heterojenite tek bir timoér dokusu iginde
cesitli hiicre ve doku tabakalarinin bulunmasi ile ortaya ¢ikan karmasik bir slregtir ve
tedavilerde 6nemli bir zorluktur.

Dokuya spesifikgenlerin titiz bir sekilde tanimlanmasi, gesitli kanserlerde ifadesidegisen
genler ve doku spesifik genlerin kesisiminin incelenmesi, doku 6zgiinligli kapsaminda
kanser gen profillerinin timor i¢i heterojeniteyi gostermek icin analiz edilmesi ve
yorumlanmasi, farkli kanserler icin molekiler hedeflerin ortaya konulmasi ve dokuya
0zgl genlerin biyolojik streglerdeki rollerinin anlasilmasi amaglanmistir.

96 farkl insan dokusunu kapsayan bes RNA-dizileme projesinden elde edilen gen ifadesi
verileri kullanilmistir. Doku 6zgllluglinin titizlikle belirlenmesi igin tau ve istatistiksel
mesafe entegre edilerek kullanilmistir. Bu yeni yontem "genisletilmis tau" olarak
tanimlanmistir. 16 farkh kanser tlriine ait ifadesi degisen genlerin (DEG) dokuya 6zgi
genlerle kesisimleri incelenmistir. Bundan sonra, 11 primer solid timor i¢in genlerin
ifadesi, dokuya 0zglin gen sonuglarinin birlestiriimesiyle analiz edilmistir. Tim
hesaplamalardan sonra elde edilen anlamli genler islevsel olarak yorumlanmustir.

Sonug olarak, doku 6zglnlGgu icin yeni bir yaklasim kullanarak genler 6zgiin olarak ifade
edildikleri birden fazla dokuyla basariyla eslestirildi. Daha sonra bir kanser dokusundaki
ifadesi degisen genlerin dokuya 06zgl genlerle cok az oOrtlstigli ortaya konuldu. En
onemlisi, farkh bir dokuyla sinirli ifadesi olmasina ragmen kanserde de ifade edilen ve
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heterojenite icin aday biyolojik belirtecler tespit edildi. Calismamizda belirlenen
genlerin, timor heterojenitesi veya kanser hiicrelerinin genetik kararsizhigiyla iliskili
oldugu cesitli kanser tirleri igin literatiirde gosterilmistir. Elde edilen sonuglar, dokuya
spesifik genleri glindeme getirerek uzun yillardir kanseri anlamaya ¢alisan bir ¢ok
arastirmacinin ¢alismalarina katkida bulunacaktir.

Anahtar Kelimeler: Dokuya spesifikgenler, RNA dizileme, tau skoru, istatistiksel mesafe,
tumor heterojenitesi, kanser hiicresindeki genetik kararsizlik.

YILDIZ TEKNiK UNIVERSITESI FEN BiLIMLERi ENSTITUSU
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CHAPTER 1

INTRODUCTION

1.1 Literature Review

Cancer is one of the common cause of death in the world. The poor diagnoses,
insufficient therapies, side effects, prognoses and pathogenesis of various cancers are
very important to identify mechanism and improve new effective treatment methods.
Complicated mechanisms of cancer cells can be mainly affected by stages, locations,
tumor microenvironment and heterogenic structure of cancerous tissues, cell
differentiation and origin. Bioinformatics can be considered one of critical scientificarea
for clinically relevant challenges in early diagnosis, efficient and targeted therapies, and
predictive prognosis of patients with various cancer types and also other diseases.
Developing methods specific for cancer bioinformatics or generating new and advanced
tools to answer the specific questions about cancer and identifying molecular
mechanisms and related pathways are needed in cancer research [1]. To sum up, cancer
is a fatal disease in the world and development of effective therapies, early diagnosis
and targeted treatment can be possible using bioinformatics and computational

approaches in the near future.

Healthy tissues/organs like liver, lung, kidney, esophagus, heart and brain in human
body have heterogenic structure and so do solid tumor tissues. Because tissues and
organs have several different layers like epithelial layers and moreover they have various
cell types such as epithelial cells, endothelial cells, immune cells, dendritic cells,
fibroblasts and tissue related cell types for instance, hepatocyte for liver tissue etc.
Although, heterogeneity in both healthy tissues/organs and cancerous tissues is a

previously known concept, its impacts on the carcinogen processes and treatment are



poorly understood [2]. There are two main definitions about tumor heterogeneity, first
one is “inter-tumoral heterogeneity” that is found among different tumors in individual
patient, and/or among different patients’ cancer tissues. Second one is “intra-tumorol
heterogeneity” that is within a single cancerous tissue [3]. Intra-tumoral heterogeneity
has important implications for personalized medicine because it can limit therapeutic
efficacy and lead to resistance to cancer treatment. Hence, tumor heterogeneity is one
of the major problem limiting the effectiveness of therapies, inconvenient treatment
outcomes, increasing number of metastatic tumors and also high mortality rate from
cancer [4]. The molecular complexity of tissues — other terms of this is heterogeneity of
tissues as structure - and solid tumors limit the discovery of specific targets for tissue-
specific delivery of therapeutic molecules [5]. Determination of tissue-specific genes
might be useful to understand intra-tumoral heterogeneity of tumors and to find out
new effective biomarkers for both early diagnosis and targeted treatment especially for
solid tumors. Tissue-specific genes which are expressed only one or several tissues or
cell types specifically can be calculated using analysis of biological data approaches.
Determination of tissue-specific genes for solid tumors can be critical in order to
understand their molecular mechanisms and biological processes in cancerous tissue,
identify tumor heterogeneity and develop targeted treatment and diagnostic panels

using tissue-specific markers.

1.2 Objective of the Thesis

In this thesis, we aim to generate list of genes expressed in tissue-specific manner after
robust and rigorous analysis of 96 different tissue types using a new computational
approach that is described as “extended tau” specificity calculation. And then, we aim
to compare and overlay differentially expressed gene data with cancer expression
profiles for different solid tumors. After revealing tissue-specific gene lists for each
tissue, differentially expressed genes and expression profiles of all genes in cancer
patients will be examined in the context of tissue-specific genes using some strict
criteria. We aim to find out solid tumor specific biomarkers, understanding cancer cell
mechanisms and showing intra-tumoral heterogeneity in terms of tumor
microenvironment. For this purpose, intersection of differentially expressed genes in a

single tumor and tissue-specific genes for corresponding tissue will be investigated
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because overlapping genes might give information to us about tumor specific targets.
Expression of all protein coding genes in various cancer types is analyzed to compare
with tissue-specific genes inrelated tissues and alsoirrelevant tissues as an interesting
approach  for identifying intra-tumoral heterogeneity and features of
microenvironment. Another objective of this thesis study is to attach annotated data to
selected genes in the previous step, about their functionality and their role in biological
processes. The results originating from this study have potential to provide crucial
knowledge about intra-tumoral heterogeneity, comprehensive and complex
mechanisms of cancer cells for each tumor. Statistical analysis was conducted using R

statistical programming language. Briefly, objectives of the thesis,

e To calculate robust and rigorous classification of tissue-specific genes for related
tissues by computational approaches using R programming language,

e To determine differentially expressed genes obtained from a database for each
cancer type by computational approaches using R programming language,

e Tointersect these two group of genes for each cancer,

e Analyze the cancer expression of all protein coding genes in terms of tissue
specificity by using stringent criteria,

e To annotate genes after all calculations and analysis with some bioinformatic
tools,

e To discuss intra-tumoral heterogeneity related to tumor microenvironment,

cancer cell behaviors and tissue-specific targets for each cancer types.

1.3 Hypothesis

By using RNA-Seq data which is proven to be more effective than microarray data, from
various tissue expression studies, we canidentify genes expressed specifically in a tissue
by improving tau score calculation. After havingidentified tissue specific genes, complex
alterations in gene expression of cancer cells can be elucidated in the context of tissue-
specific genes. Finally, we hypothesize that tumor heterogeneity of a solid tumor can be
tackled with analyzing the gene expression of that tumor sample. A gene expressedina
tumor sample despite being specific or restricted to another tissue should give clue

about source of tissues in heterogeneous tumor environment.



CHAPTER 2

GENERALINFORMATION ABOUT BIOINFORMATICS AND CANCER
RESEARCH

2.1 Bioinformatics and Human Genome

Bioinformatics term was first used by Paulien Hogeweg and Ben Hesper in 1970 as “the
study of informatic processes in biological systems” [6]. Bioinformatics can be simply
described as application of computer science algorithms to biological problems
pertaining to any organism. Rapid growth of biological data increased the necessity for
bioinformatics approaches in many fields of research. Bioinformatics generally deals

with,

e Genome(s)

e Chromosome(s)

e Gene(s) (DNA or RNA)
e Protein(s)

e Metabolite(s)

Other definition of bioinformatics is “application of computational techniques to
understand and establishthe information associated with biological molecules like DNA,
RNA, protein, enzymes and other macromolecules” as a new discipline in various areas,
and encompasses a wide range of subject areas from structural biology, genomics to
gene expression studies [7]. Bioinformatics develops new methods or tools for not only

analysis but also recovery, storage and organization of biological data.

Bioinformatics analyses generally focus on three primary data sources:



e DNA, RNA or protein sequences,
e Macromolecular structures,

e Functional genomics experiments results.

As the rate at which of biological data accumulates, computational methods have

become indispensable to biological investigations.

Bioinformatics is an interdisciplinary area which is related to lots of different sciences

shown in Figure 2.1:

System
biology
MQIECU|ar Biochemistry
biology
Machine s . Mathematics
learning BIOInfOI’matICS & Statistics
Compuigy Genetics
Science
Microbiology

Figure 2.1 Bioinformatics and related sciences

There are some definitions which are important for bioinformatic studies:

Omics: Omics refers to files of studies such genomics, transcriptomics, proteomics,

epigenomics, microbiomics and metabolomics.

Multi-Omics: Overlap and interaction between all omic sciences such as microbiomics,

metabolomics, proteomics, epigenomics, transcriptomics and also genomics.

Genomics: All the genes in the human genome together, including their interaction with
each other, the environment, and the influence of other factors. This definition can be
extended for other omics fields such as proteomics referring to all proteins within a cell

and interactions among them.



Database: Database is simply defined as storage of biological data as computer
language. They are variously classified on varying basis like data type, source, organism,

experiment type, location etc.

Tools: Tool is a software for biological system developed to perform various tasks over

the stored data such as searches, analysis, submission, annotations, alignment etc. [8].

2.1.1 Bioinformatics Applications

There are lots of different studies or areas using bioinformatics, the list below is a

small portion of continuously extending list of applications:

e Gene expression studies: Gene expression experiments quantify the expression
levels of eachgene in genome. These experiments measure the amount of mRNA
or protein products quantitatively that are produced by living cells in an
organism. Gene expression levels give useful and comparative information

between two conditions [9].

e Sequence data (Nucleotide, DNA, RNA, Proteins etc.): Genomic studies in
bioinformatics have generally deal with DNA sequence of model organisms for

microorganism, plants and animals [7].

e Molecular networks: A network is defined as graphs with annotated nodes and
edges. Pathways or networks are important for the discovery of biological

processes and molecular mechanisms of the living cells and organisms [10].

e Molecular structures: Analyses of structures of molecules have provided insight
into the stereochemical principles of binding, bonds in molecules, 3-D structure

of molecules like protein, DNA or RNA [7].

e Protein homologues: Proteins with similar amino acid sequences and functions
in different species is defined as homologous protein. Identification of protein
homologues between closely related or distant species is a routine procedure in
genetic applications in order to understand protein functions and have insight

about disease mechanisms [11].

e Drug Design: One of the important medical applications of bioinformatics has
been in improving rational drug design for various human diseases [7].

6



e Large-scalecensuses: Although databases can effectively and rigorously store all
the genome information, structures and expression datasets, it is useful to

condense all these information into understandable trends so that users can

comprehend and use large datasets easily [7].

2.1.2 Databasesand Tools

There are lots of databases and tools about bioinformatics applications. The important

ones are shown in the Table 2.1 below:

Table 2.1 General bioinformatics databases and tools

Databases and Tools

Web site

NCBI (National
Biotechnology
Search database)

Center for
Information

https://www.ncbi.nlm.nih.gov/

The Human Protein Atlas

https://www.proteinatlas.org/

UniProt

http://www.uniprot.org/

OMIM (Online Mendelian
Inheritance in Man)

https://www.omim.org/

PDBe (Protein Data Bank in
Europa)

https://www.ebi.ac.uk/pdbe/

EMBL (The European
Bioinformatics Institute)

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

KEGG (Kyoto Encyclopedia of
Genes and Genomes)

http://www.genome.jp/kegg/

Ensembl

https://www.ensembl.org/index.html

Gene Ontology Consortium

http://www.geneontology.org/

DrugBank

https://www.drugbank.ca/




Table 2.1 General bioinformatics databases and tools (cont’d)

SNPs3D http://www.snps3d.org/

Tumorscape http://portals.broadinstitute.org/tumorscape/pages/portal
Home.jsf

TSGene (Tumor | https://bioinfo.uth.edu/TSGene/

Suppressor Gene

Database)

TCGA (The Cancer | https://cancergenome.nih.gov/
Genome Atlas)

ArrayExpress http://www.ebi.ac.uk/arrayexpress

Expression Atlas http://www.ebi.ac.uk/gxa

2.1.3 Bioinformatics and Human Genome

The Human Genome Project (HGP) was officially initiated in the United States under the
direction of the National Institutes of Health and the United States Department of
Energy with a 15-year, using $3 billion for completing and understanding the human
genome sequence in 1990. HGP was the international, collaborative study whose goals
were completing the human gene mappings, understanding and identifying all the genes
of human genome. The genome sequencing was performed by a whole-genome random
shotgun method. After sequencing of a batch is completed, analyzes after the
sequencing were made with bioinformatic methods and tools. These analyses include
external data processing, pre-assembly, proto 1/0 file generation, genome assembly and
characterization, gene prediction and annotation, genome structure, genome evolution,
sequence variations, prediction of protein-coding genes and other gene types such as
transcription factors and RNA types. Assembly strategies are very important for HGP.
Thus, bioinformatic analysis play important role to map, determine and understand

human genome [12].

As a summary, 2.91 billion base pair (bp) of the euchromatic human genome was

generated by the whole-genome shotgun sequencing method in HGP. In addition to



HGP, bioinformatics played crucial role in many other genome projects and for public

access to their output.

Bioinformatics is not only essential for analysis and discovery but also storage of data
and access to it. Collection, analysis, annotation and storage of the ever-increasing
amounts of sequenced, mapped and calculated expression data in publicly accessible,
user-friendly databases is critical and also significant for genome project’s success. In
addition, the researchers need computational approaches and methods that will allow
scientists to keep, extract, view, annotate and analyze genomic information efficiently
and easily [13]. Bioinformatic analyses are also needed in a lot of experimental studies.
Therefore, bioinformatics is very crucial for genome projects, understanding the human

genome and diseases.

2.2 Bioinformaticsin Cancer Research

Huge biological data collected during biological research are publicly available, thanks
to powerful research technologies like bioinformatics. Bioinformatics is a new
multidisciplinary field and uses advanced biology, genetics, computer science, statistics,
chemistry, biochemistry, mathematics and different technological areas to store,
manage, analyze and understand the biological data effectively and dynamically [14].
Cancer, the leading cause of deaths all over the world, is a complex disease occurring in
multiple organs per system or both organs and systems in human body. There are more
than 100 types of cancer in human. Poor diagnosis, weak activity of treatment methods,
hard side effects of therapies, tumoral heterogeneity within only one single tissuein a
human, molecular mechanisms are not yet discovered completely. A better
understanding of the expression of genes and other regulatory RNAs and the networks
between them is necessary for the investigation and early detection of the molecular
mechanism of cancer. At this point bioinformatics enters the cancer research shown in
Figure 2.2 and itis very crucial for cancer studies. Bioinformatics offers many unique and
useful approaches to the use for genomic data. The need for bioinformatics is becoming
more apparent as the current cancer data rapidly increases from day to day, as various

technologies develop [1].
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Figure 2.2 Relationship between cancer research and bioinformatics

National Cancer Institute (NCI) [15] has played an important role in improvements of
genomics, proteomics, transcriptomics, metabolomics and, imaging to increase our
understanding of the molecular pathways and of all cancer types. Cancer bioinformatics
has played a vital role in the identification and validation of biomarkers, specific to
clinical phenotypes related to early diagnoses, measurements to monitor the progress
of the disease and response to therapy, and predictors for the improvement of life
quality [1]. Completion of HGP in 2003 by collaborative research had allowed
bioinformatics to be applied in the cancer diagnosis and treatment [16]. There are many
studies according to PubMed [17] when we count results of the “cancer and

bioinformatics” query, as shown in Figure 2.3 below:

Count of research about 'bioinformatics and cancer'
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6.010
5.010

4.010

count
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2.010
1.010

10
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

years

Figure 2.3 Number of cancer and bioinformatics research based on Pubmed query
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If we give some example applications of bioinformatics for cancer research:

e One of these applications is to use the computational models that represent
biological data and information to know about the quantity of cancer cells,
tissues in the body or about the biological state and disease level of the patient

[16].

e Many studies have indicated that gene expression studies and classification of
expression level of genes in cancer cells is obligatory, and this will ensure
efficient results after the treatment. Identification of gene expression associated
with disease permit fast and reliable diagnosis of conditions in each cancer level
and subtypes. Gene expression data generated from bioinformatic applications

is alsoimportant for drug response and tumor response also [16].

e To analyze immune response of therapy is controlled by therapists easily using

bioinformatics for cancer patients [16].

e Therapists can detect the absence of a gene or mutation using bioinformatic

tools, itis important to understand cancer risks for all people [16].

e Gene expression patterns of cancer cells are compared with normal cells or other
subtypes of the corresponding cancer type, and genes up regulated or down
regulated in related cancerous tissue are organized and clustered using

bioinformatics analysis [18].

e Identification of signatures of metastasis, angiogenesis or prediction of clinical

outcome can be detected using bioinformatics approaches, also [18].

e Proteomics is valuable in the discovery of biomarkers thanks to bioinformatic
analysis. For instance, proteomics can be used to understand biomarkers for
cancer diagnosis, to monitor disease progression, and to exhibit therapeutic
targets. Thus, bioinformatic tools are needed at all levels of proteomic analysis,

especially for cancer patients [19].

e Bioinformatics are associated with the identification of drug targets and are
crucial for better drug design as a targeted effective treatment method in cancer

therapy [20].
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To sum up, molecular mechanisms of more than 100 cancer types, effective treatment
methods, quick and accurate diagnosis, identification and validation of novel
biomarkers, understanding networks and molecular pathways, and personalized
medicine in cancer can be achieved using bioinformatics or computational approaches
in silico. Integration of methodologies, softwares, computational tools and databases

applied specifically to cancer data have great potential to facilitate cure for cancer [1].

2.3 Next-Generation Sequencing Technology

Next-generation sequencing (NGS), also called as high-throughput sequencing, is an
umbrella term used to describe many different modern sequencing technologies

including:
e Roche 454 sequencing [21],
e Solexa/lllumina sequencing platform [22],
e Sequencing by Oligo Ligation Detection (SOLiD) [23],
e |on Torrent Personal Genome Machine (PGM) [24],
e Qiagen-intelligent bio-systems sequencing by synthesis [25],
e Polony sequencing [26],
e Single molecule detection system (Helicos BioSciences) [27],
e Pacific Biosciences (the PacBio) [28].

These recent technologies allow us to sequence DNA and RNA much more quickly and
cheaply than Sanger technology. Therefore, NGS technology has revolutionized genomic

and molecular biology research.

2.3.1 WhatisNGS?

Sanger and colleagues [29] and Maxam and Gilbert [30] had developed methods to
sequence DNA by chain termination and fragmentation techniques, respectively, in
1977. Initially, HGP was started using Sanger technique in 1990 [31] and was completed

using NGS technologies instead of Sanger.
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Big number of DNA fragments or reads generated by NGS technology enabled the
sequencing of entire genomes rapidly [32]. NGS technology paved the way for too many
significant discoveries in life sciences by supplying a comprehensive overview of the
genomic, transcriptomic and epigenomic state of various cells and organisms. It became
more and more attractive and effective as a platform to investigate gene expression. In
this context, NGS measures gene expression by generating short reads or fragments

which are of 35-300 base pairs sequences [33].
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Figure 2.4 Next generation sequencing technology steps in brief [34]
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General steps of NGS including library preparation, clonal amplification, sequencing

and validation are demonstrated in Figure 2.4, briefly and also explained below.

2.3.1.1 Library Preparation

Library preparation is the first step of NGS:
e Fragmentation (sonication, nebulization, shearing)
e End-pair (size selection, blunt-end or A overhang)

e Adaptor ligation (ligation, purification)

23.1.2 Clonal Amplification
Clonal amplification is the second step of NGS:
e Bridge amplification (by lllumina)

e Emulsion PCR (by Roche)

23.1.3 Sequencing

Sequencing is the third step of NGS:
e Sequencing by synthesis (by lon Torrent, lllumina)
e Sequencing by oligo ligation

e Other sequencing types involve single molecule sequencing real time

sequencing, Nanopore technology, etc.

2.3.1.4 Validation
Validation is the last step of NGS:
e To ensure analytical sensitivity
e To ensure analytical specificity
e To ensure correct region of interest

e To ensure adequate coverage- sequence depth of more than 30 reads

14



2.3.2 Advantages and Disadvantages of NGS Technology

NGS technology has dramatically reduced both sequence cost and time to decode an
entire human transcriptome by sequencing RNA or DNA in a massively parallel fashion.
NGS is used for RNA sequencing which is a feasible way for obtaining global
transcriptome information to determine potential side effects of drugs and chemicals
on public health. Before NGS microarray technology was used mainly. Microarray
experiment has been de facto method to find out expression profile of genes, in other
words, by quantifying thousands of expression levels at the same time [35]. Comparison
of microarray and NGS technologies, as well as different data analysis strategies, shows
us their advantages and limitations or disadvantages and moreover, research shows that
there is a migration from microarray to NGS thanks to the advantages of NGS like low
cost, high efficiency, in high accuracy results and short experimental time [36].
Correlation between RNA-seq and microarray data sets is compatible with each other,
although the detection of lowly expressed genes is better via RNA-seq than with
microarray experiment [37], [38].0n the other hand, there are some disadvantages of
NGS technology. NGS is difficult to be standardized and itis also required for meaningful
statistical validation of sequencing [39]. Comparison of microarray and NGS technology

was carried out in Table 2.2:

Table 2.2 Comparison of microarray and NGS technology [40]

Microarray Technology

NGS Technology

Design requires a priori knowledge of
genomic features. It might be
incomplete, incorrect when newer
genome annotations are released.

Knowledge of genome can be helpful,
but not required. In fact, data from
NGS platform has recently been
assembled into a genome de novo.

High signal-to-noise ratios are a
relative measure, limits the dynamic
range of high-confidence data. This
makes the detection of low-
abundance sequences difficult and
quantitative.

NGS technology has unlimited full
guantitative signal range.

Micrograms of DNA are needed to
hybridize to arrays. Moreover, PCR-
based amplification of DNA or RNA
material can introduce bias into
samples.

Nanograms of DNA or RNA material
are sufficient for NGS.
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Table 2.2 Comparison of microarray and NGS technology [40] (cont’d)

Microarray  formats, preparative | NGS has the same data output,

methodologies for experiment and | therefore reproducibility of

analytical approaches may limit the | experiment is higher, and

reproducibility of data. bioinformatics analysis of data s
simple.

2.3.3 NGS Technology Applications
NGS is mainly used for DNA and RNA sequencing of a living cell inan organism.

Genomic DNA sequencing: NGS is used for whole human DNA sequencing and the first
large-scale human genetic variation study, the 1000 Genomes Project [41], involves the
sequencing of thousands of individuals. After that some tools are generated for analysis

of genomic DNA sequencing [42].

RNA sequencing: RNA sequencing is used mainly to determine gene expression levels
for healthy and disease conditions and there are many tools for the analysis of RNA
sequencing results [43]. At first, RNA sequencing was often used to generate protocols
that did not preserve strand information. However, the eukaryotic transcriptome is
much more complex than previously thought and many genes produce antisense

transcripts [32].

Location-based techniques: Originally, ChlP-seq was developed to determine in vivo

protein—DNA interactions as a proteomics data [32].

2.3.4 RNA Sequencing Technology

RNA-Sequencing (RNA-Seq) gives extensive details about the RNA landscape within a
living cell [44]. Processes of RNA-Seq data is fundamentally different from microarray
data. One of the main advantage of RNA-Seq is that it can capture transcriptome
dynamics across different tissues or conditions without sophisticated normalization of

data sets [45].

2.3.4.1 RNASequencing Applications

RNA-Seq not only quantifies gene expression levels but also provides the measurement

of levels of transcripts and their isoforms for each gene. Differentially expressed genes
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between two different conditions, summarized atthe genomic level of interest, such as
genes or exons are confirmed are discovered using RNA-Seq [46]. General steps of RNA-
seq was defined in Figure 2.5 simply. RNA-Seq is used in many different areas such as to
find out novel genes [45], single nucleotide polymorphisms [47], different mutations
[48], transcript assembly [49], allele specific expression [50] and splicing and other

forms of alternative isoform-specific expression [51].
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Figure 2.5 Basic RNA sequencing steps [52]

2.3.5 NGS Technology and Human Genome

NGS technologies are currently the popular topic in genomics research. Since 2005, NGS
technologies have been used in human and animal genome research. Some applications
of NGS include; the analysis of chromatin immunoprecipitation coupled to DNA
microarray, ChIPchip or sequencing ChIP-seq, RNA-seq, whole genome genotyping,
genome wide structural variation, de novo assembly, mutation detection, determination
of inherited disorders and complicated diseases, DNA or RNA library preparation, single

or paired ends and genomic captures, mitochondrial genome sequencing [53]. There are
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various advanced projects about human genome using NGS technology summarized in

Table 2.3 below.

Table 2.3 Some applications and studies of NGS in human genome

Application Description References
Mutation detection and | Detection of structural variations in the [54]
carrier screening human genome using NGS

Functional genomic fingerprinting for [54]
various mutations detection
Using NGS in disease mutation detection [55]
Detection of inherited | Detection of monogenic inherited [56]
disordersin human disorders
Genome-wide association studies (GWAS) [57]
Identification of causal variants of human [58]
disease
Cancer researches Understanding cancer molecular [59]
mechanisms
RNA sequencing MicroRNA expression profiling for diseases | [60], [61]
RNA-seq application [62]
Functional genomics [63]
Annotation and mining of biological data [64]
Library preparation Paired-end sequencing in NGS [65]

Library preparation: Cap analysis of gene [66]
expression (CAGE) and serial analysis of
gene expression (SAGE) for tissue specific
genes

Genome wide structural | 1000 Genome Project [41]
variation detection in
human population

Bioinformatics and computational approaches are useful areas for cancer research.
Identification of novel, rapid and easy diagnostic methods, development of new
effective treatment methods for cancer patients can be achieved by computational
methods. Using computational approaches and also artificial intelligence we can
generate fast, effective, robust and dynamic methods for cancer therapies and we can
make significant contributions to in vitro and in vivo experiments accelerating research
and developments in cancer.
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CHAPTER 3

HUMAN GENOME AND GENE TYPES

3.1 Human Genome

Genome is defined as complete set of genetic instructions of an organism. Each genome
contains DNA material, which is information about building, development, biological
processes of organisms. Lots of diseases like cancer, cardiovascular diseases and
neurodegenerative diseases are associated with genome, and mostly the diseases are
due to changes in genome like mutations, single nucleotide polymorphisms. Therefore,
understanding of human genome is significant for resolving the genetic mechanisms of
diseases and developing new treatments and diagnosis methods. In this chapter, we
examine human genome, genetic material and genes according to their expression level

particularly in the context of cancer.

3.1.1 Gene Definition

A nucleotide sequence that constitutes a specific and certain part of a chromosome is
called gene. Gene may be a genomic sequence directly encoding functional product
molecules such as proteins [67]. DNA is a nucleic acid sequence that carries the genetic
instructions necessary for the vital functions and biological evolution of all organisms
and some viruses. The main task of DNA, as the polymeric molecule shown in Figure 3.1,
is storage of hereditary information. DNA consists of monomers or nucleotides
containing a phosphate group, a sugar group and a nitrogen base which comes together

to make alinear chain. There are four different monomers in DNA:

e the purine bases: Adenine (A) and Guanine (G),
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e the pyrimidine bases: Thymine (T) and Cytosine (C).

DNA molecules are generally double-stranded and consist of two complementary
strands in which A always matches with T and C always matches with G. This

complementarity of the two strands provides the strict adherence to DNA molecule.

gene \/
Vv
- 1 i E
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£xon intron Exon nron exon
B wnransiated region (UTR) [ coding sequence (COS) [0 inron

Antiparaliel DNA Strands DNA Ladder Double Helix

Figure 3.1 Molecular structure of DNA strainand a simple gene [68]

Hereditary information is stored in DNA in nucleus for eukaryotic cells and in cytoplasm
for prokaryotic cells by means of the genetic code. DNA template is first converted to
RNA through a process known as “transcription mechanism”. Messenger RNA (mRNA) is
then transported from the nucleus to the cytoplasm in eukaryotes, where the RNA
sequence is translated to amino acid that is called “translation mechanism” to generate
meaningful protein molecules, briefly. Protein synthesis occurs on ribosomes which are
cytoplasmic organelles. Ribosomes are made up specialized type of RNA known as
ribosomal RNA (rRNA) and many different structural proteins themselves. Translation
process also involves transfer RNA (tRNA). tRNA provides the molecular link between
coded mRNA sequences and amino acid sequence of newly produced protein on
ribosomes [69]. While some genes are only a few kilobases (kb, 1 kb = 1000 base pairs)
in length, others can be hundreds of kb. Protein coding sequences of genes are called
“exons” and many genes can be interrupted by one or more noncoding regions are
called “introns”. Although introns are initially transcribed into RNA in the nucleus, they
are not found in mature mRNA and subsequently in amino acid sequence of translated
protein. Interestingly, despite their importance, exons constitute only 1.2% of the
human genome. Nucleotide sequences provide the molecular “start” and “stop” signals

for mRNA synthesis transcribed from exon. At the 5’ end of the gene is a “promoter
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region” which includes sequence responsible for the proper initiation of transcription

[69] described briefly in Figure 3.2.
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Start of Exons (coding sequences)
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regicon 3 untranslated
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Direction of transcription

)

Figure 3.2 Protein coding gene structure [69]

Genes work in concert in multiple ways to generate products. Focusing on the functional
products of genes is important to understand molecular mechanism and pathways.
Thus, studying functional properties of genes is primary focus of genomic research [67],

[69].

The ENCODE consortium completed its characterization of 1% of the human genome by
various high-throughput experimental and computational techniques and identified
functional elements of genome [70]. ENCODE project represents a major information
for the characterization of the human gene functions, and the recently discovered
findings reveal a complex molecular activity. There are approximately 21.000 protein-
coding genes according to the latest estimation of ENCODE project. The project is at the
center of attention of many researchers that investigate complexity of transcripts and

their functional roles [67].

3.2 Gene Types

There are many gene classes according to their different properties. We give some
information about gene types and classification of genes according to their expression
levels inliving cells or tissues. Classification of genes according to their expression level
is significant for this thesis study, because we tried to discover specifically expressed

genes intissues using computational approaches, rigorously.
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3.2.1 Pseudogenes

Pseudogenes are defined as genes that are related to functional genes but not
translated to an active protein. Some researchers consider that pseudogenes are
nonfunctional copies of functional genes like illustrated in Figure 3.3. Pseudogenes
represent genes that were functional before however are not functional now since they
were inactivated by mutations in protein coding genes. They are wide-spread in the
human genome. For instance, disruption in signal bases that give rise to the start of
transcription affect mRNA synthesis and consequently translation negatively, and

expression of the gene cease to exist [69].

Gene Processed pseudogene
— {1 = T T m—

Transcription \L ’/’/\

Reverse transcription

Splicing and insertion into the genome

Figure 3.3 Formation of pseudogenes in genome [71]

3.2.2 Protein Coding Genes

Protein coding and non-protein coding genes are two main classes of genes due to their
transcription processes. RNA sequences generally originate from protein coding genes
in central dogma process. mMRNAs are generated from protein coding genes as
transcription step and then they are converted into protein chains in ribosomes during
translation. Proteins are still assumed to be the main functional and structural players
in the cells, tissues and organism even though noncoding RNAs have come to an
importance place over the pastten years [72], [73]. Introns do not participate in mRNA
and protein coding processes. Therefore, protein production occurs only in the exons.
Despite the fact that protein coding genes are very important, there are new studies
about non-protein coding genes and their functions and significance. Roles of introns in
disorders are unclear and recent studies are interested in this issue [74]. Main structure
of protein-coding genes was summarized using a simple illustration aa following figure,

Figure 3.4.
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Figure 3.4 Structure of protein-coding genes [75]

3.2.3 Non-Protein Coding Genes

Function of non-coding genes are becoming increasingly elucidated thanks to the
development of NGS characterization methods and other improvements in gene

annotations, bioinformatic analysis and new tools [76].

RNAs that are longer than 200 nucleotides are called long RNAs (IRNAs) and RNAs of
whole cells that are less than 200 nucleotides are called short RNAs (sRNAs). There has
been growing interest in studying functions of non-coding transcriptome because non-
coding sequences might be associated with mechanism of human diseases and
understanding of their roles in genome are crucial. Many of these RNAs have been
classified into novel categories like long non-coding RNAs (IncRNAs), short non-coding
RNAs, microRNAs, endogenous small interfering RNAs and PIWI-associated RNAs based
on their function, sequence lengths, biogenesis, structural features, protein-binding

partners and other features [76], [77].

Long ncRNA genes
(13,333)

Sense intronic
Small ncRNA genes IncRNAs
(9,078) /— (674)

Other IncRNA

Sense overlapping
IncRNAs
(141)

MicroRNAs
(3,086)

Figure 3.5 Protein coding and non-coding genes in the human genome. The numbers
are based on Gencode V17 [78]
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According to Figure 3.5, there are about 20.000-21.000 protein coding genes. Remaining
genesis composed of non-protein coding RNAs which include long non-coding and short
non-coding RNAs. Understanding the roles of long non-coding RNAs is important for the
analysis of molecular mechanisms in cells. microRNAs, making up one third of small non-
coding RNAs, have important role in the regulation of genes and associated with various

mechanisms important for both healthy and disease conditions.

3.2.4 Long Non-Coding RNAs

Long non-coding RNAs (IncRNAs) have the largest portion of the mammalian non-coding
transcriptome. The biological roles and significance of IncRNAs are contradictive. More
IncRNAs have been identified day by day thanks to new comprehensive studies and
development of bioinformatic methods. IncRNAs have been shown to fulfill a diverse
range of regulatory roles. On the other hand, functions of the clear majority remains
unknown and untested completely [77]. Therefore, exact prevalence of IncRNAs should

be examined and interpreted.

3.2.5 Short Non-Coding RNAs an Example of Small Nucleolar RNA (snoRNA)

Small non-coding RNAs (sncRNA) have been shown to act as significant regulators for
the expression of several genes in a variety of living organisms. SnoRNAs are a large
family of sncRNA, generally ranging from 70 to 140 nucleotides as sequence length.
SnoRNAs have vital role in ribosome biogenesis by serving as a guide for the site specific

modification of rRNA [76].

3.2.6 Micro RNAs (miRNAs)

miRNAs are large family of small, endogenous and evolutionarily-conserved regulatory
non-coding RNA, typically have sequence length of 21-23 nucleotides. They were found
mostly in plants, animals and also human genome. miRNAs regulate the translation of
up to 60% of protein coding genes, in general showing in Figure 3.6. Moreover, some
protein coding genes are regulated by only a single miRNA, while others are regulated
by many miRNAs. In addition, miRNAs serve as guides in RNA silencing and post-

transcriptional regulation according to different studies [79]. There is a miRNA database
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which includes human miRNAs that is called “miRbase” [80], total number of them is
about 2500 in this database. miRNAs as fine-regulators of gene expression play role in

different processes like cell differentiation, proliferation, development and also cell

death [81].

miRNAs have become the center of interest in cancer studies either as oncogenes or
tumor suppressor genes. They can be responsible for causing various cancers according
to recent studies. There are 14 different online databases that address every aspect of
miRNAs for cancer research. These databases focus on miRNAs and related particular
cancer types, otherwise some other databases focus on the behavior of miRNAs in
different malignancies at the same time [82]. Deregulated expression of miRNA in

human cancers has been observed since 2002 [83].
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Figure 3.6 miRNA function and formation [84]

3.2.7 Transcription Factors

Transcription factors (TFs) are molecules that have significant role in regulating gene
expression. TFs are usually proteins, or they can also consist of sncRNA. TFs can act
individually or as a single group or as complexes over one gene. They can form multiple
interactions that allow for varying degrees of control over rates of gene transcription

mechanism. Lots of TFs have been identified which function in a wide variety of
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processes. Some TFs are SRF, NF-KB, Fos and Jun, C/EBP, and related factors [85], [86].

Specifically, TFs have role in the pathogenesis of human cancers [87].

3.3 (Classification of Genes According to Their Functions

Human genes can be examined according to their functions using computational tools.
Table 3.1 below lists classification of genes, their functional properties and number of

genes in each group. Data were obtained from study of D'Onofrio et al [88].

Table 3.1 Number of genes for human according to their functional properties

Functional properties Number of genes
TRANSCRIPTION and TRANSLATION
RNA processing and modification 497
Chromatin structure and dynamics 233
Translation, ribosomal structure and biogenesis 1203
Transcription mechanism 1046
Replication, recombination and repair 278
CELLULAR PROCESSES and SIGNALING
Cell cycle and division control 245
Cell wall, membrane, envelope biogenesis 62
Cell motility 28
Post translational modifications and protein 1427
turnover
Signal transduction 1723
Intracellular trafficking, secretion and transport 639
Defense mechanisms of cell 164
Extracellular matrix structure 272
Nuclear structure 18
Cytoskeleton 531
METABOLISM
Energy production and conversion 336
Amino acids transportation and metabolism 367
Nucleotide transportation and metabolism 167
Carbohydrate transportation and metabolism 386
Lipid transportation and metabolism 93
Coenzyme transportation and metabolism 379
Inorganic ion transportation and metabolism 343
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Table 3.1 Number of genes for human according to their functional properties (cont’d)

Secondary metabolites biosynthesis, transport 217
and metabolism

POORLY CHARACTERIZED

Only general function prediction 3271
Unknown functions 1187

3.4 Classification of Genes According to Their Expression Level

Different transcripts are expressed in diverse organs, tissues or cell types, as well as in
different developmental stages or diseases. With the development of NGS technology,
researchers can measure simply gene expression in various tissues at genome-wide
scale. Cancer pathology and prognosis caused by defects in human transcripts are
usually related to tissue-specific transcripts [89]. If we examine studies about gene types
according to expression levels, genes can be classified as marker, specific or selective
and housekeeping according to their expression invarious tissues or cellsin an organism.
There are some explanations about these gene types according to their expression level
in the tissues. Researchers established the FANTOM [90] and H-Invitational [86]
consortiums which annotated comprehensive full-length cDNA collections in mouse and

human, respectively [91].

3.4.1 Marker Genes

There are some genes which are used for cell identification that are called marker genes.
Marker genes can be used to characterize cell types in vitro such as membrane specific
markers. They have great importance for determining tissue or cell identity, and for
understanding tissue-specific gene functions and the molecular mechanisms underlying
complex diseases. Furthermore, marker genes of healthy tissues could be used to
understand the molecular mechanisms and biological processes that are necessary for

the illumination of developmental stages of all living organisms [92].

3.4.2 Specific Genes

There are more than 25.000 genes in the human genome, and they demonstrate

dramatic diversity in terms of expression levels and tissue expression patterns [93].
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Tissue-specific genes are a group of genes whose functions and expressions are
preferred in one or several tissues or cell types [94]. Tissue or cell-type specificity of
gene expression is central point and it is crucial approach to human biology and
biomedicine. Genes with tissue-specific expression play significant roles in the
physiology of multicellular organisms and associate with human diseases [95]. In
general, about 100 to 200 signature genes are expressed in a specific tissue. Tissue-
specific transcripts can indicate novel functions of known and unknown genes. Tissue
specificity is also associated with many significant results including expression-
guantitative trait loci [96] evolution [97] and various diseases [89], [95], [98] which are
most important of all in this thesis study. Additionally, tissue-specific pattern of gene
expression can help solving and identifying the molecular mechanisms and
developmental processes of tissues, gene functions, transcriptional regulation of
biological processes, prognosis of diseases, etiology and discovery of novel tissue-
specific drug targets [99]. By the way, tissue-specific pathways related with tissue-
specific expression for each gene in cell, both known or unknown, may be disrupted in
disease. Thanks to these information in literature, we can understand that the
expression of tissue-specific genes can also be used as an indicator for many complex
diseases like solid tumors, in particular. It impacts fundamental problems such as tissue
ontogenesis and carcinogenesis. Many related biomarkers and targeted molecules for
drugs are discovered by means of tissue-specific expression [95]. In this context, there
have been many studies that examine and try to find out tissue-specific expressionand
their relationship with cancer and also other diseases [95], [100], [101], [102], [103].
Because of importance of tissue- specific genes and tissue-specific networks, many
databases have developed to identify and store information of tissue-specific genes and
their relations, regulations and disease association in a variety of human. As a summary,
tissue-specific expression of genes can be associated with pathogenic mechanism,
diagnosis, and therapeutic applications to discover tissue-specific and effective
therapeutic targets. Therefore, determination, examination and observation of specific

genes in each human tissue can provide inside about cancer research.
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3.4.3 Selective Genes

The selective expression of genes suggests their possible roles of molecular functions.
Thus, they may be potential drug targets or diagnostic indicator for possible tissues
[104]. There is a confusion among the gene definitions in here. Actually, some
researchers have identified specific genes as selective genes. On the other hand, some
researchers have also identified specific genes as marker genes. In this thesis study, we
used “marker genes” and “specific genes” terms with following definition, if gene is
expressed only one tissue or cell type itis called marker gene and if gene is expressed in

one or several tissues or cell types it is called specific gene.

3.4.4 Housekeeping Genes

Housekeeping (HK) genes are expressed in almost every tissue to maintain basal cellular
functions or cell viability such as developmental stage and cell cycle under normal
conditions. HK genes are described as universally expressed genes in all tissues. They
have higher centrality properties and may play important roles in the comprehensive

biological networks [104], [105].
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Figure 3.7 Gene types according to their expression level

Figure 3.7 illustrates the marker, specific and housekeeping genes with hypothetical

expression level plots. A gene expressed only in one cell type or tissue is called “marker
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gene”. Secondly, genes expressed in one or several cell types or tissues specifically and
significantly are called “specific gene”. Other definition is “predominantly expressed in
one or a few biologically relevant tissue types” in literature [100]. Thirdly, genes

expressed in all cell types or tissues in organisms are called “housekeeping gene.”

3.5 Human Tissue Structure

Tissues are collection of cells with a common structure including basic layers and
functions. There are four main tissues inthe human body. These are epithelium, muscle,
connective tissue and nervous tissue. Solid organs are formed by the cellular complexity
and structural integrity of tissues and they are also comprehensive and complex
structures in human body. Structure, functions, histogenesis, morphogenesis,
organogenesis and roles of normal human tissues and organs are very crucial for the
understanding of human biology and diseases [106]. Formation of tissues possesses
multiple components such as various cell types, extracellular matrix, scaffold and
complex geometric information of all. Hence, tissues are multilayered structures. For
instance, liver tissue is multilayered and has heterogeneous structure in an organ
microstructure and chemical composition because it is highly vascularized organ [107].
Organs are made up of two or more different tissues organized to carry out specific
functions in the corresponding organ. Therefore, organs have several different tissue
layers. Moreover, organs and tissues also have various cell types. This structure is called
“heterogeneous”. The heterogeneous structure of stomach is given below as an

example in Figure 3.8.
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Figure 3.8 An example of tissue heterogeneity. Stomach tissue has several layers and
lots of cell types [108]
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3.6 Determination of Tissue Specific Genes via Computational Approaches

In this chapter, we discussed that tissue-specific genes play important roles in
developmental stages of healthy tissues and formation of many diseases at molecular
levels and in context of pathways. Besides, importance of tissue-specific genes and their
roles were emphasized in Section 3.4.2. Thus, identification of tissue-specific genes is a
necessity for cancer research. However, examining all of genes in laboratory takes a lot
of time with high cost and it is possible that experimental errors can affect results
seriously. If we calculate tissue-specific genes using bioinformatic approaches we can
determine genes expressed specificallyfor one or several tissues or cell types for human
quickly. After that we can validate our results using experimental approaches. For these
purposes, we try to calculate and obtain a list of tissue-specific genes using
computational approaches to accelerate research in this area. In the thesis, we have

concentrated on the calculation of the tissue-specificity of expression as a first aim.

There are several methods for the classification of tissue-specific genes, each of them
differs according to their assumptions, scale, organism and also related gene types.
These methods can be divided into two main groups. First group summarizes ina single
number whether a gene is tissue-specific or wide-expressed. These methods contain
calculation of some scores such as tau, Gini, Tissue Similarity Index (TSI), entropy (Hg),
and count. The second group calculates, for each tissue separately, how specific the
gene is to that tissue. These methods are called z-score, Specificity Measure (SPM),
Expression Enrichment (EE) and Preferential Expression Measure (PEM) [38]. In addition
to these, there are some tools which using methods mentioned above via different
experiments like microarray, EST data or sequencing. These methods and tools are
explained in this section. All scores and calculation methods indicate in how many
tissues a gene is expressed specifically, and whether it has large differences of

expression level among genes in each tissue.

Tau, Gini, TSI, Counts and Hg are poor scores that calculates the specificity per gene per
tissue and this provides coarse results and are not robust and rigorous. The second
group (z-score, SPM, EE and PEM) make efforts in broad and weak expression conditions.
Different methods can conflict among each other to obtain tissue-specific gene lists for

each tissue or organ. Thus, there are some disadvantages and deficiencies in each
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method. Tau appears consistently to be the most robust method according to
Kryuchkova-Mostacci and Robinson-Rechavi [38] and more significant than other

methods.

Even if tissue specificity is often used in various studies and it is very significant, there is
no clear robust and rigorous method until now. Moreover, several databases were
developed to establish a knowledge base of large-scale data regarding tissue-specific

gene expression in a variety of human tissues. These are:
e TiSGeD: A database for tissue-specific genes [94]
e TiGER: Tissue-specific gene expression and regulation [109]

e PaGenBase: A pattern gene database for the global and dynamic understanding

of gene function [110]
e GENEVESTIGATOR: The world's expression database [111]

However, there is no correlation among their results. Tissue specificity is of interest to
molecular evolution, as well as a functional feature which may evolve itself in tissue
developmental stages. While many different methods for measuring specific expression
of genes have been proposed and used for many studies, there is not a strong
correlation among them because of using different data types and experimental
methods. Most methods were established for ESTs and microarrays, and several
methods have used RNA-seq data [38]. In recent years, most expression studies utilize
RNA-seq due to its advantages, which provides more reliable and accurate results

compared to microarray and ESTs.

3.6.1 Different Methods and Tools for Tissue Specificity Calculation

Even if tissue-specific expression is often used in several studies, there is no clear
explanation for why one method is more accurate and detailed over another. There are
several methods to measure tissue-specific genes and some tools to produce tissue-
specific gene lists. In this section we mentioned about tissue specificity calculation

scores and also bioinformatic tools.
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3.6.1.1 Expression Enrichment (EE)

Expression enrichment method was used in TiGER database [93], [109]. TiGER contains
three types of data, these are tissue-specific gene expression profiles, combinational
gene regulations, and cis-regulatory module (CRM) detections. ESTs data were used
when TiGER was established. The database include 7261 tissue-specific genes in 30
different human tissues based on the expression enrichment (EE) calculation [109]. EE

can be calculated as follows:

. n . .
xi _ Z.=] Si " xi

si XM xi

(3.2)

e xiis defined as expression of a gene in tissue i
® nis number of tissues
e Siis average of the expression of all genes intissue i

This database is outdated because of used data type and calculation method compared

to newly developed technologies like NGS.

3.6.1.2 Tissue Similarity Index (TSI)

Tissue similarity index is a calculation method ranging from 0 to 1. The meaning of O is
that there is no expression in related tissue. Otherwise, the meaning of 1 is that geneis
expressed only in one tissue. If TSI score is equal and bigger than 0.75, gene is specific
to corresponding tissue. TSI had revealed to investigate pharmaceutical targets, and
researchers believe that it will become an important tool for experimental and
biomedical research, however it is not widely used according to literature. TSI can be

calculated as follows:

TSI = izi=n (3.2)

e xiis defined as expression of the gene in tissue i

e nis number of tissues
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3.6.1.3 Shannon Entropy (Hg)

Shannon entropy can be used for the calculation of tissue-specific genes as a
computational approach. Schug et al. [112] used firstly Shannon entropy for the
determination of tissue specificity of human genes according to their expression in
multicellular processes. They used both microarray and ESTs data for human genes, and
mouse genes were used for validation in their study. Entropy measures the degree of
overall tissue specificity of a gene, on the other hand, it does not demonstrate that it is
specific to a particular tissue or not. Hg has been used by some other studies to identify
potential drug targets, variation of expression levels and clustering of microarray data.
Briefly, Hg is used to indicate tissue specificity with transcriptome diversity as entropy

of its frequency distribution [112], [113].

Hg specificity index are based on the adaptation of Shannon’s information theory [114]

to the transcriptome data:
Hg = — XL, pi* log, pi (3.3)

xi

pi = > (3.4)

e xiis defined as expression of the gene in tissueii

e nis number of tissues

3.6.1.4 Z-score

Z-score is a statistical parameter that is number of standard deviations from the mean
of a variable as a simple definition. It is often used in bioinformatic analysis, forinstance
microarray data analysis [115]. Z-score was used for specific expression of genes and
according to Z-score either only overexpressed genes might be defined as tissue-specific
or the absolute distance from the mean is used for tissue specificity. Hence, under-
expressed genes are also defined as tissue-specific via Z-score calculation. Z-score
generates imprecise or undetailed results, which is a major drawback. For instance,
when we examined Z-score calculation for tissue-specificity in the context of our thesis

study, we observed that, Z-score sometimes concluded a gene is specific although it has

34



housekeeping gene pattern. Thus, Z-score is not reliable for tissue specificity [38], [116].

Z-score can be calculated as follows:

(3.5)

e s the mean of gene expression

e 0isthe standard deviation

3.6.1.5 Specificity Measure (SPM)

Specificity measure is used in the database TiSGeD with microarray data. SPM ranges
from 0 to 1. If a SPM value is closerto 1, this gene has high tissue specificity. In practice,
we can rely on the SPM value to quantitatively estimate tissue specificity of genes.
However, gene profiles are highly selective in several similar tissues, SPM value may not
give accurate results, in this case it is not successful for the calculation of tissue
specificity [94]. For SPM score, each value is indicated by the sum of squared gene

expression for all tissues:

xi?

z:?=1’”'2

SPM =

(3.6)

e xiis defined as expression of the gene in tissue i

e nis number of tissues

3.6.1.6 Preferential Expression Measure (PEM)

PEM was suggested by Huminiecki et al. using ESTs data [117]. The PEM score is asimple
form of the EE score. Because of the fact that these scores are normalized by either
maximum expression of a gene or by sum of expression of a gene, two of them are not
sensitive to its absolute expression level [38]. PEM score was used in different databases
like SAGEmap, dbEST, Gene Expression Atlas and Tissuelnfo [117]. PEM can be calculated

as follows:

PEM = log,o(R=rst s X!

[= *
B n .
Si Zi=1 xi

) (3.7)

e xiis defined as expression of the gene in tissue i
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e nis number of tissues

e Siis average of the expression of all genes intissuei

3.6.1.7 Gini Coefficient

Gini is widely used in economics for measurement of inequality [38].

n o
n+1 237 (n+1-i)xi (3.8

Gini =
nul, xi

e xiis defined as expression of the gene in tissue i
e xihas to be ordered from least to greatest

e nisthe number of tissues

3.6.1.8 Tau Score

Tissue specificity index, tau (t) specificity score was defined in 2004 by Yanai et al. as a
gene characterization score. Tau varies from 0 to 1. t is equal to 0 means this gene is
housekeeping, and 1 means this gene is strictly expressed in a specific tissue with
midrange profiles having 0.15 < t < 0.85 [118]. T is a quantitative, graded scalar
measurement of specificity of a gene expression. Yanai et al. described that tau score is
a robust method by giving an example from Su et al. [119]. When they calculated tissue
specificity using T, they had found a high correlation between t index of genes between

two different datasets. Hence, they showed strength of tindex.

Tau score has been used in various studies for the measurement of tissue specificity of
genes invarious tissues [38], [118], [120], [121], [122], [123], [124]. As we can see, there
are lots of studies that used tau score for the calculation of tissue-specific genes.
However, some limitations exist in this method. For instance, tau gives single number
between 0 and 1, then user assumes that the tissue in which gene shows maximum
expression is the tissue of specific expression. So, tau can assign specific expression of a
gene to a single tissue only, not multiple tissues. Itis obvious that there are many genes

which are specifically expressedinseveral tissues or cell types inmulticellular organisms.
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Tau specificity score is defined as follows,

= Xio, (1-X0) (3.9)
n-1
Xi=—2_ (3.10)
max Xxi

1<isn
e xiis defined as expression of the gene in tissue i
e nisnumber of tissues

In this section, it is showed that there are many specificity scores as calculational
methods. Kryuchkova-Mostacci and Robinson-Rechavi did a study comparing different
tissue specificity calculation methods and their reliability. There are two main groups as
mentioned in Section 3.6. As the benchmark of these two groups, the first group which
contains tau, gini, TSI and Hg is more successful than second group. First group gives
only a single score that belongs to a single tissue. Otherwise, second group gives scores
as many as the number of tissues and we have to decide which gene is specific to which
tissue using threshold value. There are some disadvantages and some deficiencies of all
methods. However, according to Kryuchkova-Mostacci and Robinson-Rechavi the best
specificity score is tau score [38]. Even though it is an effective method and giving the

accurate results, it should be improved by additional statistical procedures.
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Figure 3.9 Examples of tissue specificity score calculations (one from each group to
illustrate disadvantages of them)

According to Figure 3.9, disadvantages of each scoring scheme can be seen. Firstly, tau
included in the first group gives only one score to each gene for 6 tissues in three

examples. In the first example, tau gives one specificity score (0.99) for one single tissue

37




that is specifically expressed in related tissue. This is the expected correct result. In the
second example, tau points out only one tissue (t=0.87, for tissue3). In reality, this gene
is specific to two tissues (tissue2 and tissue3). There is a deficiency in the determination
of related tissues. Last gene is housekeeping and its tau score is very low (0.1) as

expected. Tau score is robust, but not rigorous method for tissue specificity.

Secondly, Z-score included in the second group of methods has a threshold for
specificity. If Z-score is equal and greater than 3 for each tissue, a single gene is specific
to corresponding tissues likein Figure 3.9. Gene A is specificto tissue3 (z-score=6), Gene
B is specific to tissue2 and tissue3 (z-score=4.5 and 6, respectively). These are better
results. However, z- score indicates that the last gene is specific to tissue2 (z-score=4)
actually, it is housekeeping gene because of its wide expression in all tissues. Z-score
does not give precise results, itis not reliable. Briefly, there are some deficiencies ineach
group of methods. Therefore, the best method according to literature, the tau score, is

selected, and was improved to produce more precise results in this thesis.

3.6.1.9 Other Computational Approaches and Tools for Tissue Specificity

Other methods and bioinformatic tools for the estimation of tissue-specific genes can

be summarized as follows:

CellMapper: It is a sensitive approach to predict genes expressed selectively in single
cell type and it is improved to reveal cell-specific markers. CellMapper can make
accurate estimations for only human brain cell types and it should be rapidly applied to
diverse cell types from many tissues [125]. This case is insufficiency for CellMapper and

it will be developed.

Digital Sorting Algorithm (DSA): DSA is a specific and sensitive algorithm for extracting
cell-type specific gene expression profiles and used deconvolution processes of gene
expression. It is an algorithm developed for only cell type-specific genes. It does not

require prior knowledge of cell type frequencies [126].

Marker Gene Finder in Microarray data (MGFM): This new bioinformatic tool was
developed to predict marker genes from microarray data. It is a useful tool to estimate

tissue or cell type marker genes [92]. However, itis limited to only microarrays whereas
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RNA-seq have a lot of advantages compared to microarray in the context of speed, cost

and accuracy.

A Pattern Gene Database (PaGenBase): PaGenBaseis afreely accessible database giving
information about specific genes, selective genes, housekeeping genes and also
repressed genes. SPM measurement was used in PaGenBase. If we examine this

database, we can see that there is no correlation among data [110].

ROKU: ROKU was developed by Kadota et al. [127] in 2006 that is a tool for selection of
tissue-specific patterns from expression data. Microarray data were used for many

tissues and thousands of genes. ROKU is based on Shannon entropy.

In this chapter, some features of human genome particularly gene types according to
expression levels were summarized. Tissue-specific genes are crucial to understand
human biology and to solve biological problems. Therefore, identification of these genes
is a significant requirement. Computational approaches can be used for this purpose.
Here, we have to choose a robust and rigorous method as broad sense. According to our
literature review, although there are many different methods that serve the same
purpose, there is no correlation among them. This situation can be due to using different
types of data. It is also of interest that the RNA-seq data have not yet been widely used
for tissue specificity calculation. When we consider all of them, we decided to generate

a new method for tissue specificity using RNA-seq data.
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CHAPTER 4

CANCERTYPES AND TUMORAL HETEROGENITY

4.1 Definition of Cancer

Cancer is a multi-step process in which cells undergo metabolic and behavioral changes
leading to excessive, increased proliferation and migration. Uncontrolled cell
proliferation causes fatal processes in body such as epithelial-mesenchymal transition,
migration from origin site of cancerous cells to other part of body via circulatory and
lymph system, invasion and then metastasis resulting in cancer. At a molecular level,
cancer is a genetic disease and it typically involves changes in gene expression or
function due to various mutations. Any cancer causing genetic alteration typically results

in uncontrolled cell growth [128].

Cancers are named according to the tissues and organs in which they originate from.
Symptoms, signs and treatments also vary according to the cancer types and subtypes.
The most common type of cancer in the world are lung, breast and colorectal cancers.
Lung cancer and its subtypes are by far the leading cause of cancer related deaths
because its prognosis is very low [129]. Early diagnosis is very important in an effective
cancer control. Next important factor is targeted treatment which is popular for cancer
therapy because of specificity provided for individual patients. A good diagnosis have
to classify the type of cancer for each patient, cured by some targeted molecules,

understand tumor surface markers, describe morphology of cancer [130], [131].

Cancer is a disease that develops due to multiple effects rather than only one single
cause. Risk factors for cancer vary depending on the individual's lifestyle, age, sex, and

family history because of hereditary information. There are also environmental factors
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such as smoking, alcohol usage, prolonged exposure to ultraviolet light, excessive
exposure to X-ray radiation, and some chemicals (tar, gasoline, dyes, asbestos, etc.),
some viruses, air pollution, bad nutrition habits [132], [133], [134]. Free radicals or
oxidants are on the rise as a factor playing role in human carcinogenesis. Oxidants play
animportant role in the development and progression of cancer. It is thought that most
types of cancer are the result of reactions between free radicals and DNA molecule,
resulting in mutations that adversely affect the cell cycle and it potentially leads to

cancer malignancy [135], [136].
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1 .

Uncontrolled survival
and proliferation

Figure 4.1 Simple definition of cancer and basic properties of cancer cells [130]

Tumors basically are divided into two groups; benign and malignant. Benign tumors
cannot spread by invasion or metastasis; hence, they only grow locally, and their
treatment is easier compared to the treatment of malignant tumors. Malignant tumors
canspread by invasion and metastasis via cancerous cell migration amd cancer cell main
properties are defined in Figure 4.1. In normal tissues, rates of new cell growth and cell
death is approximately equal. In cancer, this balance is disrupted. This disruption can

result from uncontrolled cell growth [131].

When a normal cell is converted into a cancer cell, multiple changes occur during the

conversion processes in organism. Some properties of cancer cells:
e Exhibit several characteristics that are far from normal cells.

e Autocrine stimulation; grow hardly in lack of growth factors,
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e Lackof gapjunctions and contact inhibition

e Resistance to cell death and persistent telomerase activity

e Migrate to other tissues, growing rapidly, overtake population and invasion
e Angiogenesis as a fatal process

e Genomic instability, accumulation of a lot of mutations in genome that perturb

gene functions [130], [131].

4.2 Cancer Incidence

Cancer is one of the most important social health problems in Turkey as well as all over
the world. Moreover, cancer is the second most common cause of death in the world.
Until 2030, it is predicted to increase rapidly and settle in the first place as leading cause
of death. When the 2010 data is evaluated; over 159,000 new cases of cancer patients
have been recorded in Turkey within ayear. Frequency of incidence is rapidly increasing
over time, both locally in Turkey and globally. Complete and effective control of this
disease will only be possible with a scientific, multidisciplinary and cost-effective
program. We can see in Figure 4.2, rapidly increased incidence of cancer for both male

and female:
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Figure 4.2 Rapidly increased incidence of cancer [137]
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4.3 Cancer Treatment

The main traditional therapy used in cancer patients is a series of interventions,
including psychosocial support, surgery, radiotherapy, chemotherapy and
immunotherapy that is aimed at curing the cancer, prolonging life and increasing
patients’ quality of life. Different cures can be used together when necessary. Tumor
type, histopathology, progresses or stage and performance status of the patient are
important for effective therapy. Some of the most common cancer types, such as breast,
cervical, oral cancer and colorectal cancer have higher cure rates when detected early
and treated easily compared to other cancer types. Some cancer types such as leukemias
and lymphomas in children, and testis cancer have high cure rates if appropriate

treatment is provided [131], [138], [139].

Surgery: Surgery may be appropriate in early stages of cancer however, getting

tumorous tissue is often insufficient for treatment [140].

Chemotherapy: Chemotherapy is a form of treatment with natural or synthetic
chemical, biological agents and hormones, with selective lethal effects against non-
controlled proliferating cells in cancer patient. It is used frequently; however, it has
many side effects to human body. Chemotherapy is sometimes applied before surgery.
This practice is called "neoadjuvant therapy". The aim of this is to make it easier to
remove by shrinking the large cancer tissue. On the other side, it can also be given after
surgery. This practice is called "adjuvant therapy". The goal is to remove the cancer cells
that are too small to be seen. Chemotherapy is defined as "chemoradiotherapy" when

it is givenin conjunction with radiotherapy [141], [142].

Radiotherapy: Radiotherapy is a long-acting method that kills cancer cells. The positive
effects of radiotherapy are transient and are usually limited to the area of radiation. In
addition, radiotherapy can cause some adverse side effects on the healthy tissues of
patients’ body. It uses high energy gamma rays to kill cancer cells and shrink tumors.
Gamma radiation can causesingle or double chain breaks, mutations, and chromosomal
abnormalities in DNA strands. Besides, it can also cause inactivation by providing
oxidation of organic molecules such as enzymes and proteins, or by causing damage to

their chemical chains [143].
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Immunotherapy: Immunotherapy is especially suitable for the treatment of metastatic
and recurrent tumors. Efficacy of therapy depends on the immunological tolerance of
cancer patients. Cancer-specific T cells are found around the immunosuppressive tumor.
However, these studies have not given very good results yet and researchers pursue this

option as shown in literature [144].

If we review the literature about cancer treatment, we can see that available therapy
methods are insufficient or have several deficiencies. This is because cancer is a very

complex disorder and have effect on broad spectrum of molecular processes.

4.4 Cancer Typesin The Context of Thesis Study

Cancers are named according to the tissues, organs or systems in which they originate
from. Symptoms, markers and treatments alsovary according to the cancer types and

subtypes.

44.1 Breast Cancer

Breast cancer is the most common malign cancer among women in the world and it is
an important health problem that accounts for about 30% of all cancers in women.
Fortunately, breast cancer deaths have been decreasing because of a combination of
increased awareness, early detection through screening, and modern improvement in
cancer therapy day by day. Typically, early-stage breast cancer is treated with breast
conservation therapy (BCT) contains lumpectomy and axillary staging with sentinel
lymph node biopsy. Breast cancer is an epithelial-based adenocarcinoma most

commonly located at the junction of the lobule and the terminal ductus [145], [146].

4.4.2 Cervical Cancer

Cervical cancer is one of the major health problem and important cancer type, which
caused 4,020 women deaths in United States in 2014 [147]. The high mortality rate of
cervical cancer can be reduced by applying the integrated strategy like combination of
prevention, screening and treatment of the disease. Epidemiological research shows
that certain types of human papillomaviruses are the central cause of cervical cancer

[148], [149].

44



4.43 Esophageal Cancer

Esophageal cancers are divided into two main subtypes which are squamous cell
carcinoma (SCC) and adenocarcinoma (ADCA) as histological observation. Primary site
of esophageal cancer is often identified as a ‘non-target lesion’. When stratified by
anatomical location, the incidence of adenocarcinoma of esophagus and
gastroesophageal junction (GEJ) continues to increase rapidly due to Barrett’s
esophagus. Development of chemoradiotherapy can provide effective treatment of

esophageal cancer [150], [151].

4.4.4 Kidney Cancer

Adrenal gland has usually cortical adenomas without sectoral features and they are
diagnosed incidentally as a result of radiological examinations. Kidney cancer
represents about 5% of all cancer cases in overall. Subtypes of kidney cancer contains
clear cell renal cell carcinoma, papillary tumors, chromophobe renal cell carcinoma,
papillary type I renal cell carcinoma and papillary type Il renal cell carcinoma. The most
common form of kidney cancer develops from renal epithelium that is called renal cell
carcinoma (RCC). Specifically, the most frequent RCC subtypes involve clear cell,
papillary and chromophobe tumors. The therapeutic strategy for advanced kidney
cancer subtypes is based on cytokines. There is some remarkable improvement in
treatment outcomes and several targeted agents, thus half of the patients who has

advanced kidney cancer are likely to survive more than two years [152], [153].

44,5 Liver Cancer

Liver cancer ranks as the fourth cancer type among the most common malignancies,
globally. Hepatocellular carcinoma (HCC) is one of the most common malignant tumor
subtypes of liver cancers with a poor prognosis worldwide. Although early stage can be
effectively treated with curative approaches which include liver transplantation or
surgery, these are only suitable for a small number of patients. Advanced stage of liver
cancer is resistant to the conventional chemotherapy or radiotherapy. Liver cancer

generally repeats and relapse after therapy, and drug resistance is the critical for poor
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prognosis. Thus, it is a type of cancer that is important for survival and life quality of

patients [154], [155].

44.6 LungCancer

Lung cancer is the leading cause of cancer deaths and it has the highest cancer-
associated mortality rate globally. It is a fatal disease that affects both men and women
all over the world because premature mortality occurs when cells are out of control in
the lung. The cancerous tissue formed here grows primarily in the original environment,
and in later stages it can cause damage to the surrounding tissues or to the remote
organs such as liver, bone, brain by circulation. Typical risk factors include smoking and
exposure to arsenic, chromium, radon and air pollution. Therefore, multifactor and
multistage processes, with genetic instability are considered to be the key cause of lung
cancers. Histological types of lung cancer are non-small cell lung cancer (NSCLC), small
cell lung cancer (SCLC, primary lung cancer) and other malignant tumors.
Adenocarcinoma is the most common type of lung cancer in women, while squamous
cell type is the most common type of lung cancer in men. All of them have different
metastatic features and their treatment strategy must be different from each other

[156], [157].

4.4.7 Pancreatic Cancer

Pancreatic cancer is the 10th common cancer type according to 2014 statistics and fall
into 3% of all cancers. Pancreatic cancer may start in the head, body or tail of the
pancreas. There are different types of cells in the pancreas because of heterogeneity of
tumor. Knowing the type of cell and where in the pancreas it starts helps deciding about
which treatment is suitable [158]. Pancreatic ductal adenocarcinoma (PDAC) of
pancreatic cancer that is also called exocrine tumor is common type that is the most
lethal human malignancy with the worst 5-year overall survival compared to other types
of cancer. Pancreatic adenocarcinoma can be thought to be sporadic, however
approximately 5% to 10% of it occurs in the presence of a family history of the disease,
so genetic information is important for its development. If pancreatic cancer hasn't

spread outside the pancreas tissue or there is no metastasis, surgery is possible and
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suitable for treatment whereas advanced stage of it is very fatal because the median

survival time is about 6 to 11 months for patients [158], [159].

4.4.8 Prostate Cancer

Prostate cancer is the most common type of cancer that typically affects men over 50
years of age in worldwide [160]. Molecular mechanism of prostate cancer is discovered
to a limited content. This is due to the cellular heterogeneity of the prostate tissues and
a lack of genetic information, related genes, pathways and markers from systematic
analysis. Prostate cancer-specific genes or other molecules like enzymes can be used as
markers for screening, diagnosis, prognosis, therapeutic monitoring and early detection
of cancer [161]. For this reason, Myers et al. explained that there are several studies
about gene and protein expression differences between normal and malignant prostate
tissues and their usage in putative diagnosis, prognosis for the purpose of obtaining

excellent biomarkers [162].

449 Rectum Cancer

Colorectal cancer covers different tissues which are colon, rectum or appendix while
rectal cancer is the growth of abnormal cancerous cells in the rectum which is the lower
part of the colon that connects the anus to the large bowel. Rectal cancer develops
slowly over years. Its riskfactors include increasing age, smoking, hereditary information
or family history, high-fat diet and a history of polyps or inflammatory bowel disease in
patients’ life. After surgery, rectal cancer may relapse locally [163]. Nowadays, gene
expression profiling has shown great promise in diagnosis as well as targeting rectal

cancers like other cancers.

4.4.10 Stomach Cancer

Stomach cancer, also known as gastric cancer, starts in the stomach. Stomach cancers
tend to improve slowly and quietly over many years. Pre-cancerous changes are often
observed in the inner layer mucosa of the stomach after which cancer can merge. These
early changes can show us symptoms and therefore its detection can be easy. There are

various types of stomach cancer including adenocarcinoma, lymphoma, gastrointestinal
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stromal tumor, carcinoid tumor. Rare types of this cancer are squamous cell carcinoma,

small cell carcinoma, and leiomyosarcoma which can also startin the stomach [164].

44.11 Thyroid Cancer

The thyroid gland is below the thyroid cartilage in the front part of the neck
anatomically. Thyroid nodules are a common important clinical problem for metabolic
activity of human body. Their differentiation to thyroid cancer is becoming increasingly
prevalent. It develops from thyroid follicular cells especially. Although thyroid cancers
canspread and cause death, for many people thyroid cancer can be cured using surgery
and chemotherapy. However, the incidence of thyroid canceris increasing, thus to learn
and understand risk factors of thyroid cancer is crucial for early diagnosis and effective

treatment [165], [166].

4.4.12 Urinary Bladder Cancer

Bladder carcinoma is a heterogeneous tumor, presenting as either superficial disease or
muscle-invasive disease and it shows diversity for histopathology. Subtypes contain
urothelial carcinoma (pure transitional cell carcinoma or focal squamous or glandular
differentiation) and pure squamous cell carcinoma [167]. Urinary bladder cancer (UBC)
is a known cancer in the world. 2.7 million people have a history of UBC. Its incidence
varies over the world and incidence is higher in developed communities than others
[168]. To investigate gene expression profiles, molecular mechanisms, metabolic
pathways and networks of bladder cancer, network strategy is necessary to find
biomarkers for early detection, diagnosis and accurate targeted treatment like other

cancers.

4.4.13 Uterine Cancer

The uterus is part of a woman’s reproductive system. It is one of the 3 common cancers
seenin women (breast, uterine, colorectal) and it is in second place after breast cancer
in women. The median age at diagnosis is 61 for uterus cancer, and obesity is a known
reason for this type of cancer. Uterus tumor can be benign or malignant. Malignant

tumors are important for survival and patients’ life quality. Malign uterus cancer may be
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a threat to patient, they can be removed by surgery. However, it can relapse againand
grow back and then invasion or metastasis can occur to other nearby tissues and organs
like other reproductive organs or other parts of body. It is a serious cancer type.
Radiation therapy, hormone therapy and/or chemotherapy can be used out of surgery

depending on the stage of cancer, histological type, patient's situation [169].

4.5 Differentially Expressed Genesin Cancer

Development, growth and malignancy of any cancer type is a multistep processincluding
initiation, progression, invasion and metastasis. Each of these steps involves multiple
genetic alterations that give cancer cells a selective advantage over normal cells [170].
Gene expression profile can change in cancerous tissues, some genes can be up-
regulated, or some genes can be down-regulated. In this case, when the genes whose
expression is changed are observed in disease condition, the disease process can be
interpreted. These genes are named differentially expressed genes (DEG). Finding or
discovering compactly described groups of DEG and their better characterization in each
specific cancer is very important for understanding cancer molecular mechanism,
related pathways and developing new targeted treatment. Differentially expressed
genes are a group of genes related to one cancer type or its subtype and their expression
level can significantly change between healthy and cancerous conditions. Expression
level of one gene can significantly increase in cancer compared to healthy condition, on
the other hand its expression can significantly decrease in related cancer. The features
that describe the differentially expressed genes in terms of their functionality and
interactions with other genes are crucial for all cancer types [171] . DEGs give us
important and certain clues on the process of disease formation and treatment. We can

observe DEG of a liver is explained in Figure 4.3.
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Figure 4.3 Example of DEG between healthy livertissue and liver cancer

DEG lists for various diseases can easily be calculated via bioinformatic tools or
algorithms using microarray and RNA-seq data. There are many studies to examine and
execute DEGs for various conditions like cancerous tissues, specific subtypes of cancers,
other diseases (neurodegenerative disease, genetic disorders, infections etc.). Xu et al.
presented gene expression profile for lung adenocarcinoma using microarray data. They
identified significantly differentially expressed genes via t-test. Fold change was also
used such that log2(fold change) is higher than 0.5. If expression of a gene increases or
decreases 0.5 and higher fold compared to normal expression, it is denoted as
differentially expressed gene [157]. Yang et al. determined DEG using RNA-seq data of
hepatocellular carcinoma. The aim of their study was to analyze and to identify critical
genes related to the pathogenesis and prognosis through differentially expressed genes
in cancer [172]. Another research group carried out studies to obtain genes which had
DEG (logz(fold-change) greater than 1.2) in liver cancer treated with berberine molecule
which is a pharmacological botanical agent to understand its impact over the liver

cancer [173]. There are plenty of examples of DEG studies from literature.

4.6 Solid Tumor Heterogeneity

Cancers emerge from one abnormal cell that goes through multiple transformations
from normal to malignant features as a basic definition. Canceris a complicated disease.
Its development and outcomes vary from one patient to another in terms of
heterogeneity. The heterogeneity and diversity are also present at the cellular and

molecular level. Cancer is a multi-step process in which cells undergo metabolic and
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behavioral changes leading to excessive and uncontrolled proliferation, escape from the
surveillance of the immune system, and ultimately invade distant tissues to form
metastases. These changes arise by accumulation of disturbance in cell proliferation and
modifications in genetic programs that control its life span, relationship to neighboring
cells thatis called microenvironment, and its escape capability from the immune system.
Such tumors can be asymptomatic for a long time. However, it will eventually lead to
changes in physiological functions, the replacement of the immune system and the

spread of a large number of symptomatic cells depending on its size [174], [175].

Solid tumors are defined as tumors that form discrete masses, such as carcinomas or
sarcomas, which are leading cause of death in all over the world. The molecular
complexity of tissues and the inaccessibility of most cells within a tissue hinder the
discovery of key targets for tissue-specific targeted delivery of therapeutic agents to
solid tumors. Most solid tumors have series of mutations; however, as with point

mutations, the majority of them are translocations [176].

Tumor heterogeneity [3] has been studied previously but its impact on the
carcinogenesis processes and treatment are poorly understood. There are two classes
about tumor heterogeneity, first one is 'inter-tumor heterogeneity' that describes
spatial heterogeneity found between different tumors inindividual patients. The second
one is 'intra-tumor heterogeneity' that describes heterogeneity within each lesion [4].
Tumoral heterogeneity is a major challenge in mapping of cancers, diagnosis and
therapy approaches [177]. Figure 4.4 is demonstrated that progression of cancer

heterogeneity from inter-patient to intra-genomic heterogeneity.

W y

Inter-patient Intra-patient Intra-tumor Intra-tumor
population spatial, tissue genetic
subtypes temporal

Figure 4.4 Tumoral heterogeneity in tumorigenesis process [178]
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Cancer heterogeneity has deep implications for effective drug therapy particularly for
solid tumors. Targeted therapy is known to be dependent on solid tumor types, thus,
patient outcomes fall in a wide range, depending on tumor lesion. Targeted therapeutic
molecules do not help all patients, and even when they show clinical improvements, it
is often limited. Thanks to deep sequencing methods, the extent and prevalence of intra
and inter-tumoral heterogeneity is increasingly uncovered according to various studies

in literature [179].

4.6.1 Intra-Tumoral Heterogeneity

Intra-tumoral heterogeneity is defined mainly as diversity among the cells of only one
tumor tissue. Intra-tumoral heterogeneity has important implications for personalized
medicine approaches since it can limit therapeutic efficacy and lead to resistance to
therapy. Thus, tumor heterogeneity is one of the major problems limiting the efficacy of
therapies and compromising treatment outcomes. Even though it was discovered
previously, it has not been taken into consideration in regard to therapy, itis now being
investigated in detail to improve new therapies for each patient. Intra-tumoral
heterogeneity phenomenon more recently has been observed throughout the genome
by many research groups [4], [176], [180], [181]. We can see that there is increasing
evidence about intra-tumor heterogeneity. Solid tumors may comprise of several tissue
layers and subpopulations of cells with distinct genomic alterations within the same

cancerous tissue.

In intra-tumoral heterogeneity, cells at the opposite ends of large solid cancerous tissue
will be spatially distinct and, have more differences than neighboring or same type of
cells, it is also associated with tumor microenvironment. As a summary, many solid
tumors involve phenotypically and functionally heterogeneous cancer cells depending

on the cell types and tissue layers they contain [176], [182].
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Figure 4.5 Intra-tumoral heterogeneity of brain tumor [182]

Giving an example, brain has a heterogenic structure indicating in Figure 4.5, because
same organ has different tissue samples, and various cell types resulting in genetic

diversity within a lesion.

Human solid tumors frequently have pronounced heterogeneity of both neoplastic and
normal cells on the histological and genetic levels and they can be composed of several
tissue layers which are a variety of clones or subpopulations of cells [183]. While such
marked intra-tumoral heterogeneity is the result of an inherent interactivity among
tumor cells, genomic instability of transcription, translation, or post-translational
modifications remains unclear. According to this, solid tumors are heterogeneous in

their tissue and cell composition like in Figure 4.6 [184].
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Figure 4.6 Intra-tumor heterogeneity points out variety of tissue layer and cell types

To sum up, the molecular complexity and comprehensive structure of tissues or organs
and the inaccessibility of most cells within a tissue restrict the dis covery of key targets

for tissue-specific delivery of drugs [5]. Therefore, itis very important to identify tissue
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specific genes by using bioinformatic approaches to understand intra-tumoral
heterogeneity. Furthermore, the pathogenesis of solid tumors is associatedwith related
tissue or primary tissue of origin. Determination of tissue specific genes for solid tumor
is essential to understand their mechanism, identify tumor heterogeneity and develop

targeted treatment using tissue specific markers.

4.6.2 Metastatic Heterogeneity

Metastatic heterogeneity can be classified as inter-metastatic and intra-metastatic
heterogeneity. Each metastasis is confirmed by a single cell or small group of same cells
with a set of fundamental mutations that is called intra-metastatic heterogeneity. Inter-
metastatic heterogeneity occurs among different metastatic lesions of the same patient.
Patients who have recurrence with a single metastatic lesion can often still be cured by
surgery or radiotherapy. On the contrary, patients that have more than one metastatic
lesions, could not be visualized by imaging. In this case, therapy is hard since the
elimination of a subset of the metastatic lesions in patient will not be enough for long-
term survival. For this reason, to understand inter-metastatic heterogeneity or a variety
of metastatic tissues in same human body is crucial for accurate diagnosis and exact

treatment [176].

4.6.3 Inter-Tumoral Heterogeneity (Interpatient Heterogeneity)

Tumor heterogeneity is one of the major problems inhibiting the efficacy of targeted
therapies and yields conflicting treatment outcomes. Inter-tumor heterogeneity inother
words inter-patient heterogeneity is the heterogeneity among the tumors of different
cancer patients that have been observed and cataloged by every medical oncologist.
Some of these differences might be related to host factors, such as somatic mutations,
germline variants and some other nongenetic factors. As a result, there is significant
inter-tumoral heterogeneity based on genomic heterogeneity, which makes impossible
to develop a universally applicable effective therapy. This is aclinical challenge that must
be overcome in near future. Hence, understanding the mechanism behind

heterogeneity is crucial for tumorigenesis research [4], [176].

Tumoral heterogeneity is summarized with a figure as follows, Figure 4.7:
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Figure 4.7 Four types of heterogeneity intumor tissue in liver example [176]

Patient 2

Heterogeneity of tumors was summarized in Figure 4.7 givinfg liver cancer example. In
Figure 4.7, intra-tumoral heterogeneity is defined simply as heterogenetiy within a
single tumor; intra-metastatic is defined as heterogenetiy within a single metastatic
lesion; inter-tumoral or inter-patient is defined as heterogenetiy between two or more
different patients. Tumoral heterogenetiy is also associated with cancer cell migration
and metastasis processes. Therefore, metastasis, primary and secondary tumor

definitions were explained in new section.

4.7 Cancer Metastasis

Cancer is a very deadly disease because of its ability to spread to other body parts from
origin of it. This is basically called “metastasis”. There are three different metastasis

processes:

e Cancer cells can spread locally migrating within the same tissue.
e Cancercells can spread regionally migrating into the lymph nodes, other tissues
and organs.

e Cancer cells can spread to distant parts of the human body [185].

Cancer which spreads to other parts of the body is called “metastatic cancer” or “stage

IV cancer”. Other two important definitions for cancer migration are “primary” and
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“secondary”. Cancer originating from a tissue is called primary tumor of that tissues.
Cancer cells from a primary tumor may spread to other parts of the body and it causes

a new secondary tumor in other tissues or organs.

Metastatic cancer cells have features similar to primary tumor cells. So, they are not like
the cells in secondary tissue or organ. In this way, medical doctor can determine origin
of a secondary tumor. Sometimes when people are diagnosed with metastatic cancer,
medical oncologist cannot tell which tissue it originated from. This type of cancer is
called “cancer of unknown primary origin”. Hence, to find origin of the metastatic cancer
is important for effective therapy [185], [186]. Metastatic cancer cell has some invasive
properties to migrate the other part of the body. Metastasis process was summarized in

Figure 4.8:

Extracellular
matrix -

Circulation

Figure 4.8 General progression of metastasis [187]

In progression of metastasis (Figure 4.8), circulation is key for migration of cells and
metastasis process. Tumor microenvironment is heterogeneus structure in the context

of diverse composition surrounding the cancerous tissue.

The most common sites where cancer cells migrate are bones, liver, and lungs in the
body. Table4.1 below summarizes the most common sites of metastasis per cancer type

for primary tumors:
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Table 4.1 Cancer types and their metastatic tissues or organs in the body

Cancer Type

Main Sites of Metastasis

References

Breast cancer

Bone, brain, liver, lung

Rarely: esophagus, parotid,

[185], [188], [189]
[190], [191]

Cervical cancer

Lymph node, liver, lung,

peritoneum, bone, brain

[185], [192]

Esophageal Cancer

Lymph node, head and neck, brain,
lung, trachea, aorta, heart, breast,
liver, skin, thyroid

Rarely: pancreas, spleen, small

intestine

[193], [194],[195]

Kidney cancer

Lymph node, adrenal gland, bone,
brain, liver, lung

Rarely, spleen, colon, small

intestine, urinary system, ovary,

paranasal sinuses, heart

[185], [196], [197],
[198], [199],
[200],[201]

Lung cancer

Lymph node, adrenal gland, bone,
brain, liver, another lung

Rarely, stomach, small and large
intestines, pancreas, skin, kidney,
breast, testis

[185], [202], [203],
[204]

[205]

Liver cancer

Lymph node, bone, lung, distant

[206], [207], [208],

(hepatocellular organs, testis [209]

carcinoma) [205]

Pancreatic Cancer Liver, lung, peritoneum, adrenal [185], [210],
gland, bone, lymph node [211],[212], [213]
Rarely: esophagus, heart

Prostate cancer Lymph node, brain, bone, liver, [185], [214], [215]

lung; rarely, adrenal gland, breast,
kidney, muscle, pancreas, salivary
gland, spleen, testis
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Table 4.1 Cancer types and their metastatic tissues or organs inthe body (cont’d)

Colorectal cancer Lung, liver, brain, peritoneum, [216], [217],[218],
ovary [219]

Rarely: brain, bone, adrenal, spleen,
testis, pancreas

Stomach cancer Liver, lung, peritoneum, bone [185], [220]

Thyroid cancer Bone, liver, lung [185], [221], [222],
Rarely: testis, pancreas [223]

Uterine cancer Bone, brain, liver, lung, peritoneum, [185], [224], [225],
vagina, pelvic, muscle [226]
Rarely: pancreas, heart

Urinary Bladder Lymph node, bone, liver, lung, [185], [227], [228]

peritoneum, pleura, pancreas

Rarely; brain, adrenal, urethra,
penis, penile intestine

When cells of a single tumor migrate to other tissues or organs, it can be very hard to
control. Approximately 90% of mortality in cancer patients is due to metastatic cancer.
Although some types of metastatic cancer can be cured with current therapy methods,
most types cannot be cured. There is an urgent need to develop better and more
effective therapies to overcome metastatic cancer. For this purpose, the detection of
origin of secondary tumor is a necessity for correct treatment. In addition, itis also very
important to know where primary cancer will migrate, and consequently predicting the

tissue or organ at which secondary cancer will start.

Many research groups focus on molecular mechanisms of metastatic tumors. Especially,
genetic instability and molecular mechanisms of intra-tumoral heterogeneity are most
important factors to be elucidated in metastasis [229]. In general, primary tumors
initially display a high degree of heterogeneity and they have cells with various
metastatic potentials, after migration of them, secondary tumors have also genetic
heterogeneity [230]. As a summary, metastasis has been defined as the migration of
tumor cells from the primary tissue, angiogenesis, survival, extravasation of the
circulatory system, and progressive colonization in the other tissue/organ of body,
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respectively. Besides, genetic instability has been supported by metastasis, and the
varying microenvironments of metastasis contribute to the intra-tumoral heterogeneity

[231].

In general, the main objective of my thesis is to explore the possibility of using gene
expression data and tissue specific gene information to gain insight about intra-tumoral
heterogeneity. Therefore, in this chapter, cancer definition, related cancer types,
differentially expressed genes between healthy and tumor tissues, classes of tumoral
heterogeneity and metastasis are explained. Interestingly, tumor heterogeneity is
related to tissue-specific expression profiles of genes and tissue/organ specific
metastatic features of cancer cells, thus we examined intra-tumoral heterogeneity in
the context of tissue specificity by generating a new robust, rigorous and comprehensive

computational approach.
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CHAPTER S

METHODS

PART 1: DETERMINATION OF TISSUE-SPECIFIC GENES THROUGH A NEW
APPROACH

5.1 Raw Data Accession and Preparation

The emergence of high-throughput sequencing technologies has enabled thousands of
genes to be checked simultaneously under multiple conditions [110]. According to
Kryuchkova-Mostacci and Robinson-Rechavi [38] correlation between tissue specificity
methods is higher in RNA-seq than microarray. Thus, we used RNA-Seq data to

determine the tissue-specific genes.

R programming language [232] is a free software environment for applying statistical
computing and graphics which is used in variety of fields. In this thesis study, R version
3.4.3 has been used. R Studio [233] is an integrated development environment (IDE) for
R which is commonly used by R users. There are many useful packages inR to manipulate
data and calculate statistical measurements (tidyverse package including tidyr, dplyr,
purr, readr), to import-export data (readr, readxl), to plot aesthetic graphs (ggplot), to
generate and visualize networks (ggraph) and exercise reproducible research where
code and report are knitted together (rmarkdown and knitr). R programming language
is also being used extensively for bioinformatic analyses, because many bioinformatic
tools and databases cooperate with R (Bioconductor). The analysis steps of this thesis

study were carried out with R programming.
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5.1.1 Raw Data Information

In this study, 5 different big datasets about gene expression of healthy tissue samples
were used as raw data. Detailed information about the data is explained in the table on

next page.

Data were downloaded from ArrayExpress [234] and ExpressionAtlas [235].
ArrayExpress is a database, established by EMBL-EBI of functional genomics data and it
serves the data to the research community. Similarly, ExpressionAtlas is established by
EMBL-EBI and is an open access science resource that gives us an effective way to find
information about gene and protein expression for many species and biological

conditions such as different tissues, cell types, developmental stages and diseases.

The following human gene expression profiling study data were downloaded as plain

text files from ArrayExpress and ExpressionAtlas:
e E-MTAB-1733: RNA-seq of 95 human individuals representing 27 different tissues
e E-MTAB-2836: RNA-seq of 122 human individuals representing 32 different tissues

e E-MTAB-5214: RNA-seq from 53 human tissue samples from the Genotype-Tissue

Expression (GTEx) Project

e E-MTAB-3358: RNA-Seq CAGE Cap Analysis of gene expression analysis of 56
human tissues in RIKEN FANTOMS5 Project

e  E-MTAB-4344: Strand-specific RNA-seq of 13 human tissues from Michael Snyder's
lab for the ENCODE Project (Encyclopedia of DNA Elements Consortium)

Some properties like number of tissues types, number of samples, sex, experimental

process, data type, and normalization method were summarized in Table 5.1.
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Table 5.1 Information about five datasets used in this study
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The studies contained RNA-Seq data conducted on lots of different cell types and also
various tissue types. 5 different datasets have contained 98 different unique types of
healthy tissue. 96 of them were selected for use in the thesis study. However, when we
investigated tissue samples by phylogenetic analysis via Brenda Tissue Ontology (BTO)
[246], a structured controlled vocabulary for the source of tissues in phylogenetic tree
approach, some of the tissues were found to be the part of the other tissues. Therefore,
all tissues were examined by Brenda Tissue Ontology and grouped together with BTO
numbers. At this stage, 96 different tissue subtypes were considered as “child tissue”
and 39 tissues were defined as main tissues and they were called “parent tissue”. All

tissue types and their BTO accession ID are listed in the following table, Table 5.2:

Table 5.2 Tissue list and their BTO accession number

Group BTOID | Group name | Tissue BTO ID Tissue name
BTO_0001487 | adipose tissue | BTO_0001487 adipose tissue
BTO 0001487 | adipose tissue | BTO_0004042 | subcutaneous adipose tissue
BTO_0001487 | adipose tissue greater omentum
BTO_0000047 | adrenal gland | BTO_0000047 adrenal gland
BTO_0000084 appendix BTO_0000084 appendix
BTO_0000123 bladder BTO_0000123 bladder
BTO_0000123 bladder BTO_0000493 gall bladder
BTO_0000123 bladder BTO_0001418 urinary bladder
BTO_0000141 | bone marrow | BTO_ 0000141 bone marrow
BTO_0000142 brain BTO_0000142 brain
BTO_0000142 brain BTO_0001042 amygdala
BTO_0000142 brain BTO_0000211 caudate nucleus
BTO_0000142 brain BTO_0000231 cerebellar hemisphere
BTO_0000142 brain BTO_0000232 cerebellum
BTO_0000142 brain BTO_0000233 cerebral cortex
BTO_0000142 brain cerebral meninges
BTO_0000142 brain BTO_0000342 diencephalon
BTO_0000142 brain BTO_0001637 dura mater
BTO_0000142 brain BTO_0002246 globus pallidus
BTO_0000142 brain BTO_0000601 hippocampus
BTO_0000142 brain BTO_0000614 hypothalamus
BTO_0000142 brain BTO_0001408 locus ceruleus
BTO_0000142 brain BTO_0000041 medulla oblongata
BTO_0000142 brain BTO_0000144 brain meninx
BTO_0000142 brain BTO_0004834 middle frontal gyrus
BTO_0000142 brain middle temporal gyrus
BTO_0000142 brain BTO_0001862 nucleus accumbens
BTO_ 0000142 brain occipital cortex
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Table 5.2 Tissue list and their BTO accession number (cont’d)

BTO_0000142 brain BTO_0000293 occipital lobe
BTO_0000142 brain BTO_ 0001001 parietal lobe
BTO_0000142 brain BTO_0001067 pineal gland
BTO_0000142 brain BTO 0000427 pituitary gland
BTO_0000142 brain BTO_0000212 putamen
BTO_0000142 brain BTO 0000143 substantia nigra
BTO_0000142 brain BTO_0001365 thalamus
BTO_0000142 brain BTO_0001362 olfactory apparatus
BTO_0000149 breast BTO 0000149 breast
BTO_0000269 colon BTO_0000269 colon
BTO_0000269 colon BTO_0000645 sigmoid colon
BTO_0000269 colon BTO_0000272 transverse colon
BTO_0000408 epididymis BTO_0000408 epididymis
BTO_0000959 esophagus BTO_ 0000959 esophagus
BTO_0000959 esophagus esophagus muscularis mucosa
BTO_0000959 esophagus BTO 0004364 | gastroesophageal junction
BTO_0000959 esophagus BTO_0002859 esophagus mucosa
BTO_0000562 heart BTO_0000562 heart
BTO_0000562 heart BTO_0000903 atrium
BTO_0000562 heart BTO_0001702 left atrium
BTO_0000562 heart BTO_0001629 left ventricle
BTO_0000671 kidney BTO_0000671 kidney
BTO_0000671 kidney BTO_0001166 cortex of kidney
BTO_0000759 liver BTO_0000759 liver
BTO_0000763 lung BTO_0000763 lung
BTO_0000784 | Ilymph node | BTO_0000784 lymph node
BTO_0000784 lymph node | BTO_0001387 tonsil
BTO_0000887 muscle BTO 0001260 smooth muscle
BTO_0000887 muscle BTO_0001103 skeletal muscle
BTO_0000975 ovary BTO_0000975 ovary
BTO_0000980 oviduct BTO_0000980 oviduct
BTO_0000988 pancreas BTO_0000988 pancreas
BTO_0000405 penis BTO_0000405 penis
BTO_0001078 placenta BTO_ 0001078 placenta
BTO_ 0001129 prostate BTO_ 0001129 prostate
BTO_0001158 rectum BTO_0001158 rectum

BTO_0001203

salivary gland

BTO_0001203

salivary gland

BTO_0001203

salivary gland

minor salivary gland

BTO_0001203

salivary gland

BTO_0001004

parotid gland

BTO_0001203

salivary gland

BTO_0001316

submandibular gland

BTO_0001234

seminal vesicle

BTO_0001234

seminal vesicle

BTO_0001253 skin BTO_0001253 skin
BTO_0001253 skin lower leg skin
BTO 0001253 skin suprapubic skin
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Table 5.2 Tissue list and their BTO accession number (cont’d)

BTO_0001253 skin zone of skin
BTO_0000651 | small intestine | BTO_0000651 small intestine
BTO_0000651 | small intestine | BTO_0000365 duodenum
BTO_0000651 | small intestine | BTO_0001784 | small intestine Peyers patch
BTO_0001281 spleen BTO_0001281 spleen
BTO 0001279 | spinal cord BTO_0001279 spinal cord
BTO_0001307 stomach BTO_0001307 stomach
BTO_0001363 testis BTO_0001363 testis
BTO_0001379 thyroid BTO_0001379 thyroid
BTO_0001385 tongue BTO_0001385 tongue
BTO_ 0001424 uterus BTO 0001424 uterus
BTO_0001424 uterus BTO_0001422 endometrium
BTO_0001424 uterus BTO_0001421 cervix

BTO 0001424 uterus ectocervix
BTO_0001424 uterus BTO_0003002 endocervix
BTO_ 0000243 vagina BTO_ 0000243 vagina
BTO_0000564 valve mitral valve
BTO_0000564 valve pulmonary valve
BTO_0000564 valve tricuspid valve
BTO_0001427 | vas deferens | BTO_0001427 vas deferens
BTO 0001102 vessel BTO_0000573 artery
BTO_0001102 vessel BTO_0000290 coronary artery
BTO_0001102 vessel BTO_0000135 aorta
BTO_0001102 vessel tibial artery
BTO_0000089 | whole blood | BTO_0000089 whole blood

gene type at BioMart.

5.1.2 Filtration of Protein Coding Genes

5.1.3 Normalization Methods After Sequencing
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Each RNA sequencing datasetof human tissues retrieved from the human body included
different number of genes. The genes from each dataset were inspected via BioMart
[247] and found to be categorized into various gene types such as, protein coding, non-
protein coding, transcription factors, miRNA or IncRNAs. In this study, we focused on

only protein coding genes. For this reason, we filtered the datasets according to the

RNA-seq has a wide variety of applications. The most common application of RNA-seq is
to estimate gene and transcript expression. However, no single analysis pipeline can be

used in all cases. Analysis method is primarily based on the number of reads. Count of




raw reads is not sufficient to compare expression levels among samples because these
values are affected by factors such as transcript length, total number of reads,
sequencing biases, experimental errors and laboratory conditions [248]. The following

normalization methods are used when working with the RNa-seq data:

Transcripts per million (TPM): TPM is a measurement of the proportion of transcripts in
RNA-seq data. TPM counts per length of transcript (kb) per million reads mapped. It
takes the transcript length and sequencing depth into consideration; a natural
measurement is the rate. The rate is also dependent on the total number of fragments.
To adjust for this, measurement is divided by the sum of all rates and this calculation
gives the proportion of transcript i in sample. TPM has a powerful interpretation if

researchers are looking attranscript abundances [249]. TPM formula:

TPMi = ’I‘—* (Zl)ﬁ) % 10° (5.1)

i
e Xiis defined as number of reads mapping to transcript i
e liis defined as length of transcript i

Reads per kilobase of exon per million mapped reads (RPKM) and fragments per
kilobase of exon model per million mapped reads (FPKM): RPKM and FPKM are
essentiallythe same normalization methods. FPKM is equal to RPKM if data is single-end
reads. RPKM is a sample normalization method that will cancel out the read length
differences and library size effects. RPKM, FPKM, and TPM are used frequently to
normalize RNA-seq gene expression (N> number of reads) [248]. FPKM formula:

Xi X

FPKMi = = 2
()G N

x10° (5.2)
Relationship between FPKM and TPM: The FPKM and TPM values are calculated using
the total number of mapped reads. Both FPKM and TPM methods account for the length
of genomic features. FPKM corrects for the number of reads that have been sequenced.
In addition to this, TPM measures the average number of mapped bases per read [250].

FPKM is a commonly used normalization measure, whereas TPM values have been
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shown to meet the invariant average criterion [251]. FPKM can be converted into TPM

using a simple formula [252]:

TPMi = (ﬂ) £ 106 (5.3)
% FPKMj

In our datasets, FPKM had been used in four raw datasets including EMTAB-1733,
EMTAB-2836, EMTAB-5214 and EMTAB-4344. In these datasets, for each tissue, the
average FPKM value of all individual samples was used to estimate the gene expression
level. TPM was only used in normalization of EMTAB-3358 data. In this study, FPKM
normalized data for four datasets and TPM normalized data for one dataset were used

without making any conversion of normalization.

5.1.4 Arrangement of Downloaded Data

Data were downloaded from ArrayExpress and ExpressionAtlas as txt files. When we
examined tissue names, we noticed that there were discrepancies between datasets in
tissue naming. For instance, one dataset had tissue name “small intestine”, but other
dataset named the same tissue as “smint”. In order to remove discrepancies, we
generated a look up table of tissue names so that only one unique name has been used

for only one tissue and the names of tissues were arranged accordingly.

Having determined all these preliminary operations for editing the raw data, the five
datasets with the following code are made ready for analysis by making all these
arrangements mentioned above. The code below, Algorithm 1, is used to import and

manipulate the all datasets:

Algorithm 1

prepareFile <- function(fileName) {
geneData <- read.table(fileName, sep = "\t", header = TRUE, check.names = TRUE,
fill = TRUE)
proteinCodings <- read.csv("protein_coding.csv", sep ="\t", header = TRUE, check.n
ames = TRUE)
geneData <- geneData[which(geneDatal, 1] %in% proteinCodings[, 1]), ]

tissueMetaData <- read.table("tissue_meta data.txt", sep="\t", header = TRUE,
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check.names = TRUE)
tissueMetaData <- tissueMetaData[tissueMetaDataSfileName == fileName, ]
tissueMetaData <- tissueMetaData[tissueMetaDataSstatus > 0, ]
aliasses <- as.matrix(unique(tissueMetaDataSalias))
dimData <- dim(aliasses)
numRows <-dimData[1]
result <- data.frame(matrix(0, ncol =0, nrow = dim(geneData)[1]))
for (iin 1:numRows) {
columnList <- tissueMetaData[tissueMetaDataSalias == aliasses][i], 1]
colData <- geneData[, matrix(columnList)]
status_list <- tissueMetaData[tissueMetaDataSalias == aliasses|i], 3]
if (is.data.frame(colData)) {
result <- cbind(result, rowMeans(colData, na.rm = TRUE))
}else{
result <- cbind(result, colData)

}

colnames(result)[i] <- aliasses][i]

}

return(result)
}
files <- ¢("E-MTAB-1733-query-results.txt", "E-MTAB-2836-query-results.txt", "E-MTAB-
5214-query-results.txt", "E-MTAB-4344-query-results.txt", "E-MTAB-3358-query-result
s.txt")
sample_names <- ¢("datal1733", "data2836", "data5214", "data4344", "data3358")
all <- data.frame(files = files, samples = sample_names, stringsAsFactors = FALSE)
geneData <- lapply(allSfiles, prepareFile)
names(geneData) <- allSsamples

head(geneData[[1]][1:5]) #This is anexample:

## EnsemblGenelD colon kidney liver pancreas
## 1 ENSG00000127720 4.346168 4.447785 2.507183 2.345215
## 2 ENSG00000256574 0.014684 0.040785 0.022350 0.000000
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## 3 ENSG00000109819 8.214000 25.960575 25.385967 2.321475
## 4 ENSG00000161057 45.173380 51.938800 54.337233 16.997100
## 6 ENSG00000051596 26.498260 22.123125 13.683633 5.415120
## 7 ENSG00000172244 1.782478 1.274395 0.327570 0.109125

With the above procedure, the five datasets were grouped together as a list and
prepared for analysis. At this stage, inappropriate information in the datasets was
discarded, the expression levels of the protein coding genes were selected, and the

names of the tissues were arranged to be common in all datasets.

Number of genes and tissues before and after filtration is indicated in Table 5.3:

Table 5.3 Number of genes and tissues in each dataset

E-MTAB- | E-MTAB- | E-MTAB- E-MTAB- E-MTAB-
Number of 1733 2836 5214 3358 4344
all tissues 27 32 53 56 13
all genes 20050 57073 57073 21017 57073
filtered tissues 27 32 48 56 13
filtered genes 18863 19676 19676 16438 19676

5.1.5 Apply F-test to Datasets

F test is used when we want to compare two variances. In other words, the test
compares the ratio of two variances. If the variances are equal, the ratio of the variances
will be equal to 1. F-test can often be considered a refinement of the more general
likelihood ratio test (LR) considered as a large sample chi-square test. F-test can be used
in the special case thatthe error term in a regression model is normally distributed [253].
If the p-value obtained from F-test is less than 0.05 (p <0.05), there is a significant
difference between two variances. The F-value produced after the F-test is also very
important for the interpretation of the results. If the F-value is small, the similarity
between the data in this case is high, so there are no significant differences [254]. F-test
was applied to obtain information about the distribution of the data used in the thesis
study and the compatibility with each other. All datasets were tested in binary

combinations with each other and results were recorded using code in Algorithm 2.

F-test among the five data in binary combinations was applied with the following code:
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Algorithm 2

len_test <- length(geneData)

test_result <- data.frame(matrix(NA, ncol = 4, nrow = 25))

colnames(test_result) = ¢("F statistics", "P value", "data", "data2")

names(test_result)

cursor =1

for (iin 1:len_test) {

for (jin 1:len_test) {
res <- var.test(as.numeric(unlist(geneData[[i]])), as.numeric(unlist(geneData[[]]])),
ratio = 1, alternative = ¢("two.sided", "less", "greater"), conf.level = 0.95)

test_result[cursor, ] <- c(as.numeric(res["statistic"]), as.numeric(res["p.value"]),

names(geneData)[i], names(geneData)[j])

cursor =cursor + 1

}

f test_result <- write.csv(test_result, file = "F_test result.csv")

We can see F-test results as a table for binary combination of datasets like in Figure 5.4:

Table 5.4 F- test results between datasets for each group

F statistics | P value Datal Data 2

1.0000000 1 datal733 | datal733
0.1252055 0 datal733 | data2836
0.1811273 0 datal733 | data5214
0.0578017 0 datal733 | data4344
0.9378366 0 datal733 | data3358
7.9868689 0 data2836 | datal733
1.0000000 1 data2836 | data2836
1.4466403 0 data2836 | data5214
0.4616542 0 data2836 | data4344
7.4903780 0 data2836 | data3358
5.5209779 0 data5214 | datal733
0.6912569 0 data5214 | data2836
1.0000000 1 data5214 | data5214
0.3191217 0 data5214 | data4344
5.1777752 0 data5214 | data3358
17.3005430 0 data4344 | datal733
2.1661233 0 datad344 | data2836
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Table 5.4 F- test results between datasets for each group (cont’d)

3.1336012 | 0| data4344 | data5214
1.0000000 | 1 | data4344 | datad344
16.2250825 | 0 | data4344 | data3358
1.0662838 | 0 | data3358 | datal733
0.1335046 | 0| data3358 | data2836
0.1931331 | 0 | data3358 | data5214
0.0616330 | O | data3358 | data4344
1.0000000 | 1 | data3358 | data3358

According to p-values of F-test, there is no significant difference between each pair of
datasets meaning that we can use the determined five datasets for further analysis. If F-
value of test is examined, large scores can be shown between some datasets. For
instance, F-value of data4344 - datal733 is higher than others. It can be interpreted
there is a difference between them. Number of tissues of these datasets is different
from each other. Data3358 was normalized via TPM and data4344 was normalized
through FPKM and also number of tissues is different from each other. In this test both

p-value and F-value are used together to decide on the differences.

Several graphs can be drawn to examine the data after the F-test. In order to show and
interpret distribution of the data, box plot and violin plot were plotted using log2 based
normalized data. When data were normalized according to log2, values less than 1 are
““ If we use ifelse (condition, true, false) function, we can assign new value to

problematic expression values. Box and violin plots were plotted using the Algorithm 3:

Algorithm 3

b_datal1733 <-log2(sapply(unlist(geneDataSdata1733[, 2:28]), function(x) ifelse(x <
1,1, x)))
b_data2836 <- log2(sapply(unlist(geneDataSdata2836][, 3:34]), function(x) ifelse(x <
1,1, x)))
b_data5214 <-log2(sapply(unlist(geneDataSdata5214[, 3:50]), function(x) ifelse(x <
1,1, x)))
b_data4344 <- log2(sapply(unlist(geneDataSdata4344][, 3:15]), function(x) ifelse(x <
1,1, x)))
b_data3358 <-log2(sapply(unlist(geneDataSdata3358[, 3:58]), function(x) ifelse(x <
1,1, x)))
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boxplot <- boxplot(b_datal733,b_data2836, b_data5214, b_data4344, b_data3358,

xlab = "Data Labels", ylab = "Expression Level", main = "Distribution of Data in Each

Dataset", col = terrain.colors(5), names = ¢("EMTAB-1733", "EMTAB-2836", "EMTAB-

5214", "EMTAB-4344", "EMTAB-3358"), cex.lab = 1.5, cex.axis = 0.8, cex.main = 1.5,

cex.sub=1.5)

legend("topright", inset = 0.01, cex = 0.6, title = "Normalization type", c("FPKM",
"FPKM", "FPKM", "FPKM", "TPM"), fill = terrain.colors(5), horiz= TRUE)

library(vioplot)

b_datal733<-log2(sapply(unlist(geneDataSdata1733][, 2:28]), function(x) ifelse(x <
1,20, x)))

b_data2836<-log2(sapply(unlist(geneDataSdata2836[, 3:34]), function(x) ifelse(x <
1,20, x)))

b_data5214<-log2(sapply(unlist(geneDataSdata5214[, 3:50]), function(x) ifelse(x <
1,20, x)))

b_data4344<-log2(sapply(unlist(geneDataSdata4344][, 3:15]), function(x) ifelse(x <1,
20, x)))

b_data3358<-log2(sapply(unlist(geneDataSdata3358[, 3:58]), function(x) ifelse(x <1,
20, x)))

vioplot <- vioplot(b_datal733,b_data2836, b_data5214, b_data4344, b_data3358,
names = ¢("1733", "2836", "5214", "3358", "4344"), col = "blue")

title("Distribution of data in each dataset via violin plot")

figs(name = "vioplot", "Distribution of data in each dataset via violin plot")
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We cansee distribution of all datasets as a box plot and a violin plot like in Figure 5.1:
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Figure 5.1 Distribution of expression for each group of data as a box (a) and a violin
plot (b)

According to boxplot and violin plot, in Figure 5.1, distribution of EMTAB-3358 is a little

different from other datasets because of different normalization method. However,

distribution of other datasets is suitable and similar to each other.

We can see tissue types and distribution of expression in each dataset using box plots.
Here, there is an example of graphs (data 1733) as code, all graphs were plotted using

the same code like in Algorithm 4:

Algorithm 4

t_datal733 <-log2(sapply(geneDataSdatal733[, 2:28], function(x) ifelse(x < 1, 2, x)))
t_data2836 <- log2(sapply(geneDataSdata2836[, 3:34], function(x) ifelse(x < 1, 2, x)))
t_data5214 <- log2(sapply(geneDataSdata5214[, 3:50], function(x) ifelse(x < 1, 2, x)))
t_data4344 <-log2(sapply(geneDataSdata4344[, 3:15], function(x) ifelse(x < 1, 2, x)))
t_data3358 <- log2(sapply(geneDataSdata3358[, 3:58], function(x) ifelse(x < 1, 2, x)))
boxplot(t_datal733, ylab = "Expression Level", main = "Tissue Types in EMTAB-1733",
col =terrain.colors(ncol(t_datal733)), names = colnames(t_datal733), cex.lab=1,
cex.axis = 0.5, cex.main = 1, cex.sub=1, las = 2)

mtext("Tissue Name", side=1, line=4
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Tissue Types in EMTAB-1733

We can see distribution of expression level of all tissues for each dataset in Figure 5.2:
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Tissue Types in EMTAB-5214
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Tissue Types in EMTAB-4344

e) E
- 8- 5 B B B
H E o B E H 8 = o
- E (=] =) d E Q E = H E E
g m] o E B _ =] a [m] E
g B B8 o
1| =1 v | 252

Tissue Mame

Figure 5.2 Distribution of gene expression levels for tissues in each dataset, (a) E-
MTAB-1733, (b) E-MTAB- 2836, (c) E-MTAB-5214, (d) E-MTAB-3358 and (e) E-MTAB-
4344, respectively.

Distributions of data according to tissue types are required to be shown like in Figure

5.2 in order to understand data and to analyze accurately.

5.1.6 Assignment of Variables

Filtered data were kept as a list of data frames called “geneData”. In this step, analyzes
are carried out for each element of the list separately, and all results are merged
afterwards. We identify initial variables like number of rows, number of columns,
number of tissues and names of columns. Start column is automated according to the
start point of numeric values. The first dataset to be analyzed is E-MTAB-1733. Following
this, all datasets are analyzed and the results from each dataset is recorded using

Algorithm 5.

Algorithm 5

geneData <- geneDataSdatal733
startColumn <- 0
dimData <- dim(geneData)
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numRows <- dimData[1]
numCols <- dimData[2]
for (i in 1:numCols) {
if (lis.factor(geneDatal1,i])) {
startColumn <-i

break

}

numTissue <- numCols - startColumn + 1

columnNames = colnames(geneData, do.NULL = TRUE, prefix = "")

5.2 Determination of Thresholds, Filtration of Data and Calculation of Tau Score

Experimental errors can be found in datasets. For this reason, we cleaned the noise in
data and adjusted thresholds according to literature. Data were analyzed according to

the following steps:

Step 1 - Transcripts which have low expression values are eliminated. FPKM < 1.0 was

used as first treshold [255]. It was called “Null expression”.

Step 2 - Tau as atissue specificity score was calculated. Tissue specificityindex, tau value
is inrange between 0 and 1, housekeeping genes expressed in all tissues have tau score
of 0 and genes expressed strictly in one tissue have tau score of 1 [118]. Besides, it is
assumed that genes with a tau score equal and bigger than 0.85 are specific to
corresponding tissue. According to Kryuchkova-Mostacci and Robinson-Rechaviand
[38], tau is more successful measurement than other methods. They showed that almost
all tissue-specific genes found by any method are also found by tau, dramatically.
Furthermore, tau appears consistently to be the most robust method and it is the best
in recognizing tissue-specific genes. This was showed with the examples of brain and

testis-specific genes in their study [38].

In this thesis study, after first filtration of RNA-seq data, expression levels were
transformed based on log2 [38]. After log2 transformation, tau score was calculated. If

tau score > 0.85 for one gene, that gene is specific to the tissue, which has maximum
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expression level. This gene was called “Specific expression”. Equations (3.9) and (3.10)

were used for the calculation of tissue specificity.

Step 3 - If tau score < 0.85, these gene profiles were classified as “Wide-spread

expression”.

Step 4 - Genes which have expression values lower than 10.00 was described as “Weak
expression” [95]. Tau score was calculated for these genes. However, they were not

included in the specific gene calculation.

NOTE: Log transformation was used only during tau score calculation, other analyses
after these steps were carried out using FPKM or TPM values. Genes were filtered using
thresholds, classified using tau score. After all calculation status were added to each
gene according to four steps mentioned above. All of them were analyzed with the

following code, Algorithm 6:

Algorithm 6

det_status <- function(row_data) {

temp_data <- as.numeric(row_data[startColumn:numCols])
lowerThanl <-as.numeric(sum(temp_data <= 1))
lowerThanl0 <- as.numeric(sum(temp_data < 10))
if (identical(lowerThani, numTissue)) {

row_data <- cbind(t(row_data), -1, "Null expresssion")
}else{

temp_data[temp_data <1]<-1

log2Vals <- log2(temp_data)

sumVals <- sum(log2Vals)

tauCount <- length(temp_data)

maxVal <- max(log2Vals)

tau <- (tauCount - sumVals/maxVal)/(tauCount - 1)

if (tau < 0.85) {

row_data <-cbind(t(row_data), tau, "Wide-spread expression")
}else{

if (identical(lowerThan10, numTissue)) {
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row_data <- cbind(t(row_data), tau, "Weak expression")
}else{

row_data <- chbind(t(row_data), tau, "Specific expression")

}

return(t(row_data))
}
analysis_result <- data.frame(matrix(0, ncol = numCols + 2, nrow = 0))
analysis_result <-rbind(analysis_result, apply(geneData, 1, det_status))
analysis_result <- data.frame(t(analysis_result))
colnames(analysis_result) <- cbind(t(colnames(geneData)), "Tau.Score", "Status")

head(analysis_result[, c("Ensembl.Gene.ID", "Status", "Tau.Score")])

We generated a gene list called “included list” according to the tau calculation and used

it for further analyzes like in Algorithm 7.

Algorithm 7

geneMatrix <- data.frame(matrix(0, ncol = ncol(analysis_result), nrow = 0))
includedList <- as.matrix(analysis_result[analysis_resultSStatus == "Specific
expression"”, 1)

geneMatrix <- includedList[, 1:ncol(analysis_result)]
colnames(geneMatrix) <- colnames(includedList)

dimData <- dim(includedList)

numRows <- as.numeric(dimData[1])
If we want to save included list or all result as csv file, we can export the list:

write.csv(includedList, file = "includedList1733.csv")
write.csv(analysis_result, file = "analysis_result1733.csv")
includedList1733 <-includedList

analysis_result1733 <- analysis_result
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Up to this section, genes were analyzed depending on their expression profiles. Our

results after filtration and tau calculation is seen here using an example, EMTAB-1733

notice the “Status” column which summarizes filtration and tau score calculationresults:

## X EnsemblGenelD colon kidney liverpancreas lung

## 1 14 ENSG00000214814 7.609656 3.4065550 0.00000000 0.011210 0.128262
## 2 16 ENSG00000180739 0.408624 0.2285900 1.09884333 0.060915 1.880716
## 3 18 ENSG00000172020 3.643640 0.1768150 0.02903667 0.420145 0.175362
## 4 19 ENSG00000100218 0.367730 5.4585200 0.13221667 0.000000 1.395074
## 524 ENSG00000111218 0.078320 0.3282125 0.00000000 0.309435 0.875790
## 6 35 ENSG00000136531 0.141494 2.3508125 0.05502000 0.074825 0.208450
#H# Status

##1  Wide-spread expression

HH 2 Null expresssion

##3  Wide-spread expression

## 4  Wide-spread expression

##5  Wide-spread expression

##6  Wide-spread expression

5.3 Determination of Tissue-Specific Genes

One-dimensional tissue specificity index is limited in its capacity to identify only one
tissue and categorize specific classes of expression patterns. For instance, tau as a one-
dimensional specificity score shows that a simple gene is specifically expressed only one
tissue which has maximum expression. However, gene can have another high expression
value except from maximum expression level. It is an important deficiency of tau
equation that it does not demonstrate the second or third tissue which has higher
expression values among all tissues. Thus, to generate a detailed and rigorous
identification of tissue-specific genes, statistically significant interval from maximum
expression must be defined to find out second and/or third tissue which has high

expression after maximum expression value for each gene in terms of specificity.

To achieve significant interval estimation firstly we examined confidence interval [256],

[257] to understand significantinterval from average of all data. Confidence interval and
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also other statistical interval estimation methods may be useful for generating a newly
method to assign genes to several tissues which are specifically expressed. In order to
use this approach, data must include independent random variables. Variables are
identically distributed, and they are often normally distributed. These are usual
assumptions for this approach. Confidence interval of nearly normally distributed data

can be estimated using this simple and basic equation [258]:
Average of data + standard deviation

As a detailed description for confidence interval from average of all data is defined as

[259]:

X +z* (5.4)

ale

e Xis the mean of data
e Zrepresents the z-value from the standard normal distribution
e ¢ isstandard deviation of sample
e nisthe samplesize
Confidence interval can be at 90%, 95% and 99% for obtaining meaningful and more

reliable results. Z-value of some specific confidence are in Table 5.5:

Table 5.5 Z—values for various confidence levels

Confidence Level Z-value
80% 1.28
90% 1.645
95% 1.96
98% 2.33
99% 2.58

For instance, if confidence level is 95% shown in Figure 5.3, equation of reliable interval
estimation is: mean of data + standard.deviation x1.96
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Figure 5.3 95% of confidence interval estimation [260]

Statistical intervals provide invaluable tools for quantifying sampling uncertainty.
Intervals such as prediction intervals, tolerance intervals and confidence intervals on
distribution quantiles are frequently needed in practice [261]. Improved computational
approaches are important for bioinformatic analysis and statistical intervals can be used
in bioinformatic. Estimation of statistical interval is crucial for reliability of results.
However, we need a reliable significantinterval from maximum expression value instead
of confidence interval from mean of data for each gene in order to assign genes to
multiple tissues in the context of specificity. If we can determine a statistically
significant distance from the maximum expression, we can also show other tissues
that related gene is specifically or restrictedly expressed besides the maximum

expression.

Although tissue-specific genes are expressed in one or several tissues/cell types as
definition, tau score shows that one gene is specific to only one tissue. If tauis 1, one
gene is specific to one tissue, however if 0.85<tau<1, gene may be specific to more
than one tissue according to our examination. Even in this case, tau shows us only one
tissue and itis not comprehensive and rigorous approach. We know that tissue-specific
genes are defined as “genes specifically expressed in one or a few tissue or cell types”.
To overcome this ambiguity problem, after the examination of genes via tau because of
the best specificity score, we tried to develop a new procedure that assign genes to
specifically expressed multiple tissues. In other words, we defined a new approach to
estimate gene specifically expressed one or more tissues. Important deficiency of tau

score and newly generated statistical approach are illustrated in Figure 5.4:
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Figure 5.4 Illustration of statistically significantly interval

Tauis arobust specificity score but not rigorous. For this reason, in this part of the study,
we aimed to develop a new approach adding some statistical calculations as
demonstrated in Figure 5.4. For this purpose, we tried to design a new algorithm to

determine tissue-specific genes more accurately and comprehensively.

After all examination and research about statistical interval in literature, our new
approach is based on statistically significant interval estimation from maximum value.
We should pay attention to that point, it is different from confidence interval because
we aim to define statistically estimation of interval from maximum expression of all
genes in each dataset. Thereby, after tau calculation we used statistically significant
interval estimation from maximum expression values and our purpose is to assign genes
to multiple tissues. In this way, all tissues in which genes are specifically expressed can
be detected. Firstly, we used a basic equation below to estimate the significant distance

from maximum value of expression:
Maximum expression of a single gene — standard deviation

A threshold value is required to obtain more accurate results in high sensitivity. Z-value
was used as sensitive threshold to increase sensitivity of calculation and equation

becomes:
Maximum expression of a single gene — standard deviation * Z_value

Statistical distance is a broad topic which plays a fundamental role in statistics, machine
learning and in the associated scientific disciplines. This method can be invaluable in
bioinformatic analyses. Statistical distance has robustness role in analyses and it is also
prominent in goodness-of-fit. Hence, statistical distance measures play a ubiquitous role

in statistical theory and thinking [262] . It might be a good approach to reveal tissue-
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specific genes comprehensively and rigorously. Figure 5.4 illustrates the concept of

statistical distance from maximum expression value.

Gene is specific to two tissue

\
1
i
I Statistically significant
,' distance from maximum
— expression
tissue 1 tissue 2 tissue 3 t‘l«sg\ue 4 tissue 5 tissue 6
~
Tau shows only
maximum expression

Figure 5.5 Estimation of statistically significant interval from maximum expression

The determination of tissue-specific genes is a process similar to cleaning the noise in
data analysis because expression level of genes in a single tissue is clearly higher than
others. Tissue-specific genes increase the entropy in the data as the perspective of data
analysis. While the usage of Shannon entropy in the detection of tissue-specific genes
has also been used [112], developments of dynamic systems such as artificial
intelligence (Al) for rapid progression, deep learning, machine learning have become
more prevalent, effective and easy, especiallyin the analyzes performed on biological
systems. In other words, new developments in artificial intelligence show that an
unsupervised learning mechanism can adapt a dynamic environment. Besides, these
methods can help to provide clearand exact results with high accuracyin biological data.
Hence, this thesis study aims to develop a new algorithm to calculate tissue-specific
genes, and this system is a dynamic system that provides continuity. Tissue specificity
calculated using Shannon entropy measures the degree of tissue specificity of a gene;
but it does not determine whether it is specific to a particular tissue or specific to which
tissue, and it is insufficient to robust and comprehensive calculation of tissue-specific

genes [112].

In this study, the second stage of subsequent tau calculation is matching genes to
multiple tissues which are specifically expressed in related tissues. Within this purpose,
as mentioned above, a statistically significant distance from the maximum expression

value was calculated. Integration of tau calculation and estimation of statistically
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significant interval from maximum expression was described as “extended tau”

calculation for tissue specificity in this study.

Determination of tissue-specific genes rigorously after only tau calculation were carried

out some significant steps given below:
e To define lower and upper bound via clustering all raw data,

e To calculate upper level threshold as Z-value because our important point in this
estimation maximum expression value and significant distance from it for each

gene,

e To determine significant distance to identify several tissues for specificity.

5.3.1 Clustering of Raw Data

Firstly, clustering of the data, the centers of the clusters and the visibility of the clusters
in the entire data need to be computed in each dataset. Each dataset was basically
divided into two clusters. For determination of the boundary between high level and
low-level expression, Fuzzy c-means (FCM) clustering [263] has been successfully
applied to feature analysis, clustering, and classifier designs in biological data analysis
[264]. FCM is a successful method for biological datasets [265]. FCM algorithm classifies
the data by grouping similar expression values according to the feature space into
clusters. This clustering is achieved by assigning membership to each expression point
corresponding to each cluster center based on distance between the cluster center and

the data point, iteratively [266], [267].

Because of the determination of the specificity limit and understanding of how many
genes within the upper clusteris involved in the specific cluster, data were divided into
two clusters using c-means clustering. Centers are midpoints of top and bottom clusters.
We obtained as many centers as the number of tissues and genes in each dataset and
then calculated the average of centers. This code in Algorithm 8 was used for c- means

clustering:
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Algorithm 8
library(e1071)

clusters<-cmeans(includedList[, startColumn:numCols], 2, iter.max = 100, verbose = FA
LSE,

dist = "euclidean", method = "cmeans", m = 2, rate.par = e - 10)
centerData <- clusters["centers"]

clusterTreshold <- data.frame(t(as.matrix(colMeans(centerDataScenters, na.rm = TRU

E))))

5.3.2 Calculation of Upper Level Threshold

To determine the threshold value of the upper cluster that obtained from c-means
clustering, the necessary variables were assigned. After that, column names were set to

be the same as the raw data.

NOTE: To increase sensitivity the analysis we did not use expression “0”. Number of
elements in upper side cluster and total non-zero elements (higher than 0) were
calculated for each column or each tissue. Then the ratio of upper side cluster

memberships was calculated.

. number of element in upper cluster
threshold ratio =

number of total non — zero elements

All calculations to obtain threshold ratios for each tissue type Algorithm 9 was

performed:

Algorithm 9

elementCount <- data.frame(matrix(0, ncol = numTissue, nrow = 1))
tresholdRatio <- data.frame(matrix(0, ncol = numTissue, nrow = 1))

nonZeroElementCount <- data.frame(matrix(0, ncol = numTissue, nrow = 1))

elementCount <- setNames(elementCount, columnNames[startColumn:numCols])
tresholdRatio <- setNames(tresholdRatio, columnNames[startColumn:numCols])
nonZeroElementCount <- setNames(nonZeroElementCount,

columnNames|[startColumn:numCols])
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for (iin 1:numRows) {
for (j in startColumn:numCols) {
if (as.numeric(includedLlist[i, j]) >= clusterTreshold[1, columnNames|jl]) {
elementCount[1, columnNames[j]] <- elementCount[1, columnNames|j]] + 1
if (as.numeric(includedList(i, j]) > 0) {
nonZeroElementCount[1, columnNames[j]] <- nonZeroElementCount[1,

columnNames(j]] +1

}

}
for (j in startColumn:numCols) {
tresholdRatio[1, columnNames|j]] <- elementCount[1,

columnNames(j]]/nonZeroElementCount[1, columnNamesj]]

}

data_center <- as.data.frame(unname(centerData))
combine <- rbind(data_center, clusterTreshold, elementCount, nonZeroElementCount,
tresholdRatio)

row.names(combine) <- c("upper cluster", "lower cluster", "average of clusters",
"number of upper cluster element”, "number of non-zero element", "treshold ratio")
options(scipen = 10)

write.csv(combine, "combine1733.csv")

The values obtained from above calculation were summarized as tables for each dataset.
And resulting tables can be found Appendix-A. There are ratios as much as the number

of tissues, thus we used regression analysis to minimize the differences among them.

5.3.3  Regression Analysis

We used Regression analysis (RA) to minimize the differences among all ratios of
columns for each dataset. RA observes the relationship between one dependent
variable and several independent variables. RA was defined in 1966 as a method
producing linear regression equations by constructing new explanatory variables or

elements using linear combinations of the original variables. The method can be
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effectively applied to the settings where the number of explanatory variables is very

large [268].

When a frequency distribution is normally distributed, we can find out the probability
of occurrence of a score by standardizing the scores, known as z-scores. A z-score is also
known as a standard score and it can be placed on a normal distribution curve. Z-scores
range from -3 standard deviations which would fall to the far left of the normal
distribution curve, up to +3 standard deviations which would fall to the far right of the

normal distribution curve.

Qnorm (inverse of pnorm, gnorm (p, mean, sd)) is used to determine what the z-score
of the pth quantile of the normal distribution is. The probability in the normal
distribution table can be at most 0.9999. To calculate the threshold value as a z-score
we used gnorm(optimizedTreshold). It is not enough in order to determine optimal
threshold. We wanted to find the expression of top 1% cluster to assign genes to
multiple tissues. For this reason, we have to find z-score of 99% cluster. We calculated
gnorm (0.9999) and gnorm(optimizedTreshold) and then gnorm(0.9999) must be
subtracted from gnorm (optimizedTreshold). By this way, we can find “threshold value

as a z-value”. We calculated the optimal threshold value with the Algorithm 10:

Algorithm 10

X <- as.matrix(1:numTissue)

regressionResult <- Im(unlist(tresholdRatio) ~ x)

coeffs <- coefficients(regressionResult)

optimizedTreshold <- mean(x * coeffs[2] + coeffs[1])

tresholdVal <- gqnorm(0.9999) - abs(qnorm(optimizedTreshold))
treshold4344 <- data.frame(c(optimizedTreshold, tresholdVal), row.names =

c("optimized treshold", "treshold value"))

All steps to generate sensitive threshold as z-value in order to estimate significant

interval from maximum value were summarized in Figure 5.5:
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After tau calculation
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Figure 5.6 Obtaining thresholds for each dataset to calculate significant interval

After all steps like in Figure 5.6, final threshold values for each dataset was obtained as
Z-value according to nearly normally distribution of raw data. Optimized threshold after

regression analysis and Z-values are shown in Table 5.5:

Table 5.6 All threshold ratios for each dataset

EMTAB- EMTAB- EMTAB- EMTAB- [EMTAB-
1733 2836 5214 3358 4344
optimized threshold | 0.10 0.16 0.16 0.43 0.15
Z-value as threshold| 2.46 2.72 2.73 3.54 2.68

In order to establish statistical distance, threshold value is needed for each dataset.
Threshold values are comparable, expect only one which is farfrom others. EMTAB-3358
has threshold value of 3.54 which is far from other datasets and the reason is that the

normalization method of EMTAB-3358 is different from others.

5.4 Calculation of Statistical Distance and Assigning Genes to Multiple Tissues

Although tau is the best method, it assigns a single gene to only one tissue. We would
like to demonstrate that one gene can be specific to only one or several tissues.
Therefore, we used statistically significant distance estimation term. Figure 5.6

demonstrate that equation of estimation of statistically significant interval.
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Figure 5.7 Determination of significant distance from maximum expression

We calculated the value of the significant distance and assigned genes to tissues as
specifically expressed if gene’s expression is above significant distance value using
Algorithm 11. In other words, a gene is specific to a tissue if its expression value in that
tissue is in the interval between maximum expression and statistically significant

distance.

Algorithm 11

fileName <- "E-MTAB-1733-query-results.txt"
geneTissuePair <- data.frame(matrix(0, ncol = 4, nrow = 0), row.names = NULL)
colnames(geneTissuePair) <- ¢("gene", "tissue", "expressionLevel", "file")
for (i in 1:numRows) {
row_data <-includedList[i, ]
temp_data <-as.numeric(row_data[startColumn:numCols])
len_temp <- numCols - startColumn + 1
stdDev <- sd(temp_data)
maxVal <- max(temp_data)
for (jin 1:len_temp) {
if (as.numeric(temp_datal[j]) >= as.numeric(maxVal - stdDev * tresholdVal)) {
geneTissuePair <- rbind(geneTissuePair, data.frame(row.names = NULL,
gene = row_data[1], tissue = columnNames(j + startColumn - 1],

expressionLevel = temp_datalj], file = fileName))

}

}

geneTissuePairl733 <- geneTissuePair

We prefer to assign genes to multiple tissues as a table. Then, gene tissue pairs and/or

multiple tissues can be exported as csv files for each dataset according to Algorithm 12:
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Algorithm 12

library(reshape)
multiple_tissue <- aggregate(tissue ~ gene, data = geneTissuePair, paste, collapse =",")
head(multiple_tissue)

multiple_tissue1733 <- multiple_tissue

write.csv(geneTissuePair, file = "geneTissuePairl1733.csv")

write.csv(multiple_tissue, file = "multiple_tissuel1733.csv")

Up to now, tissue-specific genes were determined as lists for each of the five datasets
using a novel, robust and rigorous approach. Firstly, we calculate tau score for eachgene
and we obtain one tissue that has maximum expression of related gene in terms of
specificity. Secondly, we generate a new statistical approach to determine significant
interval from maximum expression in order to find out several tissues have specific
expression corresponding gene. This integrated method was defined as “extended tau”

calculation for tissue specificity in this thesis study.

5.5 Kolmogrov Symirnov Test and Q-Q Plot

There are several methods of assessing whether data are normally distributed or not.

They are divided into two main categories:
e statistical tests
e graphical tests

If we want to know our data fits normal distribution, we can use Kolmogrov Symirnow
test as a statistical test. And also if we want to visualize the distribution we can use Q-Q

plot as graphical test [269], [270].

The Kolmogorov—Smirnov (K-S) [271] is a goodness-of-fit test that compares a
hypothetical or fitted cumulative distribution function (cdf, used pnorm) with an
empirical cdf to assess the fit. Other definition is that K-S test is based on the empirical
distribution function. Given N ordered data points Y1, Y2, ..., YN, the empirical cdf is

defined as:

E, =n(i)/N (5.5)
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e n(i)is defined as the number of points less thanYi (Yi are ordered from smallest

to largest value).
e N is defined as ordered data points Y1, Y2, ... YN.

The Kolmogorov-Smirnov test statistic is defined as:

D = max (F(Y) = - 3y = (F (1)) (5.6)

1<isN

. D is test statistics,

e Fis the theoretical cumulative distribution of the distribution being tested [272],

[273].

If D is greater than the critical value obtained from K-S tables, the hypothesis regarding
the distributional form is rejected. In addition to D, K-S test statistics, if p value > 0.05,
there is no significant differences between actual and theoretical distribution, so data

fits the normal distribution.

After that, for each mean and standard deviation, the combinations of theoretical
normal distribution can be determined. This theoretical normal distribution is compared

to the actual distribution of the data using K-S test like in Algorithm 13:

Algorithm 13

dataCount <- sum(geneMatrix > -1, na.rm = TRUE)
allTestData <- data.frame(matrix(0, ncol = 2, nrow = dataCount))
allDataCursor<-1
testResult <- data.frame(matrix(0, ncol = 2, nrow = numRows))
colnames(testResult) = ¢("D.value", "P.value")
cursor <-1
for (iin 1:numRows) {
rowData <- geneMatrix[i, startColumn:numTissue]
rowData <- as.numeric(rowData[rowData > -1])
rMean <- mean(rowData)
rDev <- sd(rowData)

tCount <- length(rowData)
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testData <- data.frame(matrix(0, ncol = 2, nrow =tCount))

for (jin 1:tCount) {
val <- rowDatal(j]
actualProbability <- length(rowData[rowData <= val])/tCount
theoreticalProbability <-pnorm(q =val,mean =rMean, sd = rDev,lower.tail = TRUE)
testData[j, 1] <- actualProbability
testDatal[j, 2] <- theoreticalProbability
allTestData[allDataCursor, 1] <- actualProbability
allTestData[allDataCursor, 2] <- theoreticalProbability
allDataCursor <- allDataCursor+ 1 }

res <- ks.test(testDatal, 1], testData[, 2])

testResult[cursor, 1] <- as.numeric(res["statistic"])

testResult[cursor, 2] <- as.numeric(res["p.value"])

cursor <- cursor + 1}
K-S test result were saved as csv files for each dataset.

Q-Q plots display the observed values against normally distributed data (represented by
the line). If distribution of data is closer to linear line it fits to the normal distribution.

Algorithm 14 was used to generate Q-Q plots of all dataset used in this thesis study.

Algorithm 14

calculated <- allTestDatal, 1]

expected <- allTestDatal, 2]

qgqplot(calculated, expected, plot.it = TRUE, xlab = "Theoretical Quantiles", ylab =
"Sample Quantiles")

title("Expression Values Distribution")

qqline(expected)

dev.copy(png, "qq_1733.png")

dev.off()
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Figure 5.8 Distribution of expressions for all genes in each dataset, separately.
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If distribution is near the line, it is normally distributed. According to Figure 5.5, the most
appropriate distribution belongs to EMTAB-4344 followed by EMTAB-1733. EMTAB-

3358 is less suitable to normal distribution than other datasets.

5.6 Comparison of Results with The Human Protein Atlas Data

The Human Protein Atlas [274] consists of three different datasets. These are Tissue
Atlas, Cell Atlas and Pathology Atlas. We selected Tissue Atlas to compare our tissue
specific expression results. Tissue Atlas contains information regarding the expression
profiles of human genes on the protein level. The protein expression data is derived
from antibody-based protein profiling via immunohistochemistry experiments. 76
different cell types corresponding to 44 normal human tissue types have been analyzed
to determine their protein levels for each gene and data are presented as knowledge

base annotation of protein expression levels.

Protein levels as a tsv file format were obtained from Tissue Atlas database. Then, tissue
specific genes assigning with multiple tissues (described as “joined_genepair” in
algorithms) file as a csv format was generated during the thesis study after the
calculation of tissue-specific genes. It contains genes which are specific to all tissues
including child tissues and they are shown according to all five datasets with their

expression level and their tau score.

Tissue Atlas contains gene IDs as Ensembl Gene ID, gene names, tissues and cell types
within related tissues, protein expression levels as "High", "Medium", "Low" and "Not
Detected" and reliability of data as "Approved", "Supported" and "Uncertain". We
filtered data according to their reliability which is defined as approved and/or
supported. After that, two different data which are protein data and thesis results were
joined to generate a new table. After generating the new table, the joined table was

integrated parent tissue information to understand each child tissue using Algorithm 15:

Algorithm 15

library(tidyverse)
library(stringr)
library(readr)
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protein_atlas<-read_tsv(file="normal_tissue.tsv")
joined_genepair<-read_csv("joined_genepair.csv")
tissues<-read.csv(file="tissue list for database.csv",sep=";",stringsAsFactors = FALSE)
%>%

rename(parents=Group.name) %>%

rename(child=Tissue.name)

protein_atlas_joined<-protein_atlas %>%

filter(Reliability!="Uncertain") %>%

mutate(tissue=ifelse(Tissue=="cervix, uterine","uterus",Tissue),

tissue=str_replace(tissue," [0-9]","")) %>%

mutate(tissue=recode(tissue,"caudate"="caudate nucleus","fallopian
tube"="oviduct","gallbladder"="gall bladder","thyroid gland"="thyroid")) %>%

select(-Tissue) %>%

select(1,2,6,3,4,5) %>%

full_join(tissues,by=c("tissue"="child")) %>%

filter(lis.na(Level),lis.na(parents)) %>%

inner_join(joined_genepair,by=c("tissue","Gene"="Ensembl.Gene.ID"))

Data were counted to show that RNA-seq expression is less than 10 for each parent

tissue with Algorithm 16:

Algorithm 16

protein_atlas_joined %>%
filter(Level!="Not detected") %>%
select(1,3,5,11,13) %>%

arrange(Gene)

protein_atlas_joined %>%
filter(expressionLevel<10) %>%
select(1,8) %>%
group_by(parents) %>%
summarise(n=n_distinct(Gene)) %>%
arrange(-n)
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In addition to this comparison, some graphs were generated in this study to understand
the correlation of results among five datasets. If similar results are obtained when
applying this new method to different data sets, the new approach can be called
universal. We exhibited detailed graphs via R programming packages in order to show
advantage and disadvantages of our new computational approach in the context of
tissue specificity. They were evaluated in Results and Discussion Section. The code of a
detailed graph is given in Appendix-A Section as an example. Moreover, obtained
specific genes have been examined in terms of their functions using an annotation tool

which is going to be explained in Section 6.4.

This part of the thesis study,

e Raw data were obtained from five big datasets which are commonly used for

bioinformatic analysis.
e Datasets was examined using F-test and boxplots.

e Tissue specific-genes were confirmed via a new, dynamic, practice, robust and
rigorous combined approach that was called “extended tau” calculation.
According to extended tau approach, one gene can be specific to more than one

tissue.

e K-S test and Q-Q plots were carried out to show the normal distribution of

datasets.

e Raw protein data and RNA-seq and also tissue specificity results were compared

with The Human Protein Atlas results.
e Advanced graphs were plotted for the comparison of results among datasets.

All steps are explained as a flow chart:
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Figure 5.9 Flow chart of the whole algorithm to calculate tissue-specific genes
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CHAPTER 6

METHODS

PART 2: PREPARATION OF CANCER EXPRESSION DATAAND
INTERPRETATION OF TUMORAL HETEROGENEITY AND CANCER CELL
BEHAVIOUR

6.1 Differentially Expressed Genesin Various Cancers

Differentially Expressed Genes (DEG) between healthy tissue and cancerous tissue are
important to understand cancer development, metastasis and treatment. DEG lists for
various cancers were retrieved from Bioexpress [275]. High Performance Integrated
Virtual Environment (HIVE) is a tool and database optimized for the storage of NGS data
for medical researches. Bioexpress is part of HIVE to store transcript data. We can
download differentially expressed genes for various cancer types (source is TCGA, The
Cancer Genome Atlas) as a csv file. This file includes a lot of information such as gene
Uniprot ID, gene name, references gene, fold change, p-value, significance, cancer type,
experiment type. We used DEG in each cancer type generated from Bioexpress through

RNA-seq data.
Firstly, this listis imported to R.

deglist <- read.table("BioXpress_gene_differential_expression_v2.0.txt", header =

TRUE, sep="\t")

e Obtained list from Bioexpress has 374 100 rows for approximately 18 different

cancer types and approximately 20 000 different protein coding genes.
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Then, DEG list was filtered according to some parameters. We wanted to throw away
the NA (not available) from log2FoldChange column. Therefore, we used is.na function

to eliminate NA as shown below:
deglList <- deglList[!is.na(degListSlog2FoldChange), ]

e After filtration of “Not Available” data, 373 976 rows were left for all cancer

types.

We eliminated “No” from Significant column. Yes and No indicate whether the change
in expression is meaningful. If significance of one gene is “Yes”, this gene differentially

expressed in cancer (upregulated or down regulated).
deglList_yes <- deglList[degListSSignificant == "Yes", ]

o If we filtered only genes that change significantly in cancer we had 100 269

gene for all cancers.

We removed some columns, because there are not necessaryto determine differentially

expressed genes in cancers.

drops <- c¢("RefSeq", "p_value", "adjusted.p_value", "Patients", "Data.Source", "PMID")

deglist_yes_filtercolumn <- deglList_yes[, /(names(deglList_yes) %in% drops)]

Fold change (FC) is very important to identify differentially expressed genes. We
examined lots of research articles to adjust fold change value. According to Yang et al.
[172], Panet al. [276] and Corley et al [277], FCis set to equal and higher than 2 as a cut
off value to screen out DEG. However, in this list there are log2 fold change values for
all genes. Thus, threshold of FC must be higher than 1 because of log2. Another
important point is the fact that some genes are upregulated, whereas some of them are
down regulated. Thus, cut off values of FC have to be equal and higher than 1 and equal

and lower than -1.

Firstly, we change the log2FoldChange column from character to numeric numbers.

Secondly, we eliminated the list based on FC values.

deglist_yes_filtercolumn[, "log2FoldChange"] <- sapply(degList_yes_filtercolumn|,
"log2FoldChange"], as.numeric)

deglList_finish <-
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rbind(degList_yes_filtercolumn[degList_yes_filtercolumnSlog2FoldChange > 1, ],

deglList_yes_filtercolumn[deglList_yes_filtercolumnSlog2FoldChange < (-1), ])

e There are 38 532 genes in final DEG list after filtration according to log2(FC) for

all cancer types.
If we want to show unique cancer types according to Cancer Ontology:

deglList_finish_unique <- data.frame(unique(degList_finishSCancer.Ontology,
incomparables = FALSE))

View(deglList_finish_unique)

In this list, there are 18 different cancer types, as we cansee in Table 6.1 below:

Table 6.1 Cancer types obtained from Bioexpress and their accession ID

Number Cancer type

1 DOID:5041/ Esophageal cancer [EC]

2 DOID:1612/ Breast cancer [BRCA]
DOID:4362/ Cervical cancer [Cerca] &
DOID:3744 / Cervical squamous cell carcinoma &

3 DOID:0050940 / Endocervical adenocarcinoma

4 DOID:11934/ Head and neck cancer [H&NC]
DOID:263/ Kidney cancer [Kidca] &

5 DOID:4465 / Papillary renal cell carcinoma
DOID:263/ Kidney cancer [Kidca] &

6 DOID:4467 / Renal clear cell carcinoma
DOID:263/ Kidney cancer [Kidca] &

7 DOID:4471 / Chromophobe adenocarcinoma

8 DOID:3571/ Liver cancer [Livca]
DOID:1324/ Lung cancer [Lunca] &

9 DOID:3907 / Lung squamous cell carcinoma
DOID:1324/ Lung cancer [Lunca] &

10 DOID:3910 / Lung adenocarcinoma
DOID:1793 / Pancreatic cancer [PACA] &

11 DOID:4074 / Pancreas adenocarcinoma

12 DOID:10283/ Prostate cancer [PCa]
DOID:1993/ Rectum cancer [Recca] &

13 DOID:1996 / Rectum adenocarcinoma

14 DOID:10534/ Stomach cancer [Stoca]

15 DOID:1781/ Thyroid cancer [Thyca]

16 DOID:11054/ Urinary bladder cancer [UBC]

17 DOID:363/ Uterine cancer [Uteca]

18 DOID:1115/ Sarcoma
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The list of healthy tissues compiled from the five RNA-Seq datasets did not contain
tissues related to Sarcoma and head and neck cancer, directly, thus were removed from

the list.

deglist_finish<-deglList_finish[degList_finishSCancer.Ontology != "DOID:1115 /
Sarcoma, ]deglist_finish <- degList_finish[degList_finishSCancer.Ontology !=
"DOID:11934/ Head and neck cancer [H&NC]", ]

e Now, there are 37 871 DEG for 16 different cancer types.

If this gene listis examined in BioMart according to their gene type, we show that they
are protein coding genes. Therefore, itis suitable for intersecting with the tissue-specific

genes. DEG list can export and save as csv file:
write.csv(deglist_finish, file ="DEG_list.csv")

e We have a unique tissue list and when we examined this list, cancer type can be

matched to healthy tissues to interpret tumoral heterogeneity.

e Healthy tissue-specific genes and related cancer type can be intersected to
interpret cancer microenvironment and heterogeneity. For instance: liver cancer

and healthy liver-specific genes.

e After these analyses, overlapped genes were gathered, only DEG for related

cancer and only specific-gene for related healthy tissues.
Cancer type - tissue type matching listis shown below:

Cancer type = Normal tissue

DOID:1612 / Breast cancer [BRCA] = breast

DOID:4362 / Cervical cancer [Cerca] & DOID:3744 / Cervical squamous cell carcinoma &

DOID:0050940 / Endocervical adenocarcinoma = cervix, ectocervix, endocervix

DOID:5041 / Esophageal cancer [EC]-> esophagus, esophagus muscularis mucosa,

gastroesophageal junction, esophagus mucosa

DOID:263 / Kidney cancer [Kidca] & DOID:4465 / Papillary renal cell carcinoma = kidney,

cortex of kidney
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DOID:263 / Kidney cancer [Kidca] & DOID:4467 / Renal clear cell carcinoma—> kidney,

cortex of kidney

DOID:263 / Kidney cancer [Kidca] & DOID:4471 / Chromophobe adenocarcinoma>

kidney, cortex of kidney

DOID:3571 / Liver cancer [Livca—> liver

DOID:1324 / Lung cancer [Lunca] & DOID:3907 / Lung squamous cell carcinoma - lung
DOID:1324 / Lung cancer [Lunca] & DOID:3910 / Lung adenocarcinoma—> lung

DOID:1793 / Pancreatic cancer [PACA] & DOID:4074 / Pancreas adenocarcinoma—>

pancreas

DOID:10283 / Prostate cancer [PCa]-> prostate

DOID:1993 / Rectum cancer [Recca] & DOID:1996 / Rectum adenocarcinoma—> rectum
DOID:10534 / Stomach cancer [Stoca]=> stomach

DOID:1781 / Thyroid cancer [Thyca] > thyroid

DOID:11054 / Urinary bladder cancer [UBC] > urinary bladder

DOID:363 / Uterine cancer [Uteca]—=> uterus, endometrium

We generated gene tissue pair using 96-tissues that are called as child-tissue. If we want
to analysis all tissues, we can use “all_geneTissuePair” file. But if we want to analysis
only parent tissues, we can use “only_parent_geneTissuePair” file. The storage of these

two files is important for further analyzes.

6.2 ID Conversion Process

Genes in DEG list has Uniprot ID. On the other side, tissue-specific gene lists have
Ensembl gene ID. In that case, we have to convert ID of DEG from Uniprot to Ensembl
gene ID. BioMart was used to download the conversion table by “biomaRt” packagein

R.
Firstly, BioMart was called from R library.

# source('https://bioconductor.org/biocLite.R') biocLite('biomaRt')

library("biomaRt")
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Homo Sapiens GrcH 37 version data was selected.
ensembl = useEnsembl(biomart = "ensembl",dataset ="hsapiens_gene _ensembl",

GRCh =37)

Attributes were described as a vector. And then genes were filtered according to “gene
type”, and “protein coding genes” section was selected. BioMart can give maximum

three external IDs via Rin a single call.

attributes_total <- c("ensembl_gene_id", "gene_biotype", "external_gene_name",

"chromosome_name", "start_position", "end_position", "uniprot_gn",
"uniprotswissprot", "uniprotsptrembl")

conversion <- getBM(attributes_total, filters = "biotype", values = "protein_coding",
mart = ensembl)

knitr::kable(head(conversion))

conversion <- write.csv(conversion, file = "conversion.csv")

We received a list that contained ensemble gene id, gene biotype, external gene name,
chromosome name, start position, end position, uniport gen id, uniport swissprot ID,
uniprotsp trembl ID. Uniprot swissprot and Uniprotsp trembl IDs are parts of UniProt
database. The gene ID from Bioexpress corresponded to “Uniprotswissprot ID” column
of newly received gene list. ID conversion is an inevitable step when merging data from
different sources, in our cases tissue-specific genes and differentially expressed genes.
Some preliminary works were done to prepare the files for manipulation and then

conversion using with Algorithm 17.

Algorithm 17

library(tidyverse)

library(readr)

library(kableExtra)

library(knitr)

all_geneTissuePair <- read_csv(file = "all_geneTissuePair.csv")
only_parent_geneTissuePair <- read_csv(file = "only_parent_geneTissuePair.csv")
all_geneTissuePair <- tbl_df(all_geneTissuePair)

only_parent_geneTissuePair <- thl_df(only_parent_geneTissuePair)
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DEG_list<- read_csv(file ="DEG_list.csv")
names(DEG_list)[names(DEG_list) == "UniProtkB_AC"] <- "uniprotswissprot"
DEG_list <- tbl_df(DEG_list)
uniqu_deg_list <- DEG_list %>% select(Cancer.Ontology, uniprotswissprot) %>%
group_by(Cancer.Ontology,

uniprotswissprot) %>% distinct()
deg_table <- uniqu_deg_list %>% group_by(Cancer.Ontology) %>%
summarise(DEG_number =n())

write.csv(deg_table, "deg_table.csv")

deg_table <-read.csv(file = "deg_table.csv", stringsAsFactors = FALSE)
kable(deg_table)

Before ID conversion the number of differentially expressed genes in each cancer type

is as shown in Table 6.2 below:

Table 6.2 Number of DEG (with UniProt ID) for all cancer types

Number

Cancer Ontology of DEG
DOID:10283 / Prostate cancer [PCa] 1552
DOID:10534 / Stomach cancer [Stoca] 904
DOID:11054 / Urinary bladder cancer [UBC] 3936
DOID:1324 / Lung cancer [Lunca] & DOID:3907 / Lung squamous cell
carcinoma 5334
DOID:1324 / Lung cancer [Lunca] & DOID:3910 / Lung adenocarcinoma 21
DOID:1612 / Breast cancer [BRCA] 1780
DOID:1781 / Thyroid cancer [Thyca] 814
DOID:1793 / Pancreatic cancer [PACA] & DOID:4074 / Pancreas
adenocarcinoma 177
DOID:1993 / Rectum cancer [Recca] & DOID:1996 / Rectum
adenocarcinoma 8
DOID:263 / Kidney cancer [Kidca] & DOID:4465 / Papillary renal cell
carcinoma 680
DOID:263 / Kidney cancer [Kidca] & DOID:4471 / Chromophobe
adenocarcinoma 10
DOID:263 / Kidney cancer [Kidca] & Kidney renal clear cell carcinoma 4645
DOID:3571 / Liver cancer [Livca] 610
DOID:363 / Uterine cancer [Uteca] 4431
DOID:4362 / Cervical cancer [Cerca] & DOID:3744 / Cervical squamous cell
carcinoma & DOID:0050940 / Endocervical adenocarcinoma 3397
DOID:5041 / Esophageal cancer [EC] 3701
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As mentioned above, conversion of gene ID is required for further analyses to
investigate intra-tumoral heterogeneity. For this purpose, Algorithm 18 was used for ID

conversion process from UniProt to Ensembl Gene ID:

Algorithm 18

conversion <- read_csv(file = "conversion.csv")

conversion <- rename(conversion, gene = ensembl_gene_id)

conversion <- tbl_df(conversion)

conversion <- select(conversion, 2, 4, 9)

DEG_conversion_finish <- left_join(uniqu_deg_list, conversion) %>%
filter(lis.na(gene)) %>% group_by(Cancer.Ontology) %>% unique() %>% ungroup()
write.csv(DEG_conversion_finish, file = "DEG_conversion_finish.csv")
DEG_conversion_finish <- read_csv(file = "DEG_conversion_finish.csv")
deg_table_converted <- DEG_conversion_finish %>% group_by(Cancer.Ontology) %>%
summarise(DEG_number_converted =n())

write.csv(deg_table_converted, "deg table converted.csv")

deg_table_converted<-read.csv(file = "deg table converted.csv",stringsAsFactors =
FALSE)

kable(deg_table_converted)

After ID conversion, converted DEG list was stored as csv file and number of DEG in each

cancer type is shown in Table 6.3:

Table 6.3 Number of DEG for each cancer after ID conversion process

Number

Cancer Ontology of DEG
DOID:10283 / Prostate cancer [PCa] 1617
DOID:10534 / Stomach cancer [Stoca] 947
DOID:11054 / Urinary bladder cancer [UBC] 4102
DOID:1324 / Lung cancer [Lunca] & DOID:3907 / Lung squamous cell
carcinoma 5656
DOID:1324 / Lung cancer [Lunca] & DOID:3910 / Lung adenocarcinoma 20
DOID:1612 / Breast cancer [BRCA] 1836
DOID:1781 / Thyroid cancer [Thyca] 814
DOID:1793 / Pancreatic cancer [PACA] & DOID:4074 / Pancreas
adenocarcinoma 177
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Table 6.3 Number of DEG for each cancer after ID conversion process (cont’d)

DOID:1993 / Rectum cancer [Recca] & DOID:1996 / Rectum

adenocarcinoma 8
DOID:263 / Kidney cancer [Kidca] & DOID:4465 / Papillary renal cell

carcinoma 680
DOID:263 / Kidney cancer [Kidca] & DOID:4471 / Chromophobe

adenocarcinoma 10
DOID:263 / Kidney cancer [Kidca] & Kidney renal clear cell carcinoma 4645
DOID:3571 / Liver cancer [Livca] 610
DOID:363 / Uterine cancer [Uteca] 4431
DOID:4362 / Cervical cancer [Cerca] & DOID:3744 / Cervical squamous cell
carcinoma & DOID:0050940 / Endocervical adenocarcinoma 3397
DOID:5041 / Esophageal cancer [EC] 3701

Although ID conversion might seem trivial it is prone to unexpected hurdles. Due to
disagreements between different databases, one gene ID from one database can map
to multiple gene IDs in another database. In our case, one Uniprot ID in DEG list can map
to several different Ensembl Gene IDs. In this step, DEG list was joined with
all_geneTissuePair list, which was obtained our results of analyses and including
Ensembl Gene ID of genes, to increase reliability of ID conversion using Algorithm 19 and

the final DEG list was saved as a csv file as follows:

Algorithm 19

DEG_conversion_tissue_specific_all <-DEG_conversion_finish %>% select(3, 4) %>%
distinct() %>% inner_join(all_geneTissuePair) %>% select(uniprotswissprot, gene,
tissue, expressionLevel) %>% distinct() %>% group_by(uniprotswissprot) %>%

top_n(1,
expressionLevel) %>% inner_join(DEG_conversion_finish, by =

"uniprotswissprot")%>% arrange(Cancer.Ontology) %>% select(1, 2, 6, 8) %>%

distinct()

table_ final <- DEG_conversion_tissue_specific_all %>% group_by(Cancer.Ontology)

%>% summarise(new_number = (n()))

write.csv(table_ final, "table_final.csv")

table_final <- read.csv(file = "table_final.csv", stringsAsFactors = FALSE)
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New clear and reliable DEG list was generated and number of genes is shown below as

a new table finally:

Table 6.4 Number of DEG after ID conversion using a reliable Ensembl Gene ID list
(generating in the thesis study including specific genes)

Number

Cancer Ontology of DEG
DOID:10283 / Prostate cancer [PCa] 918
DOID:10534 / Stomach cancer [Stoca] 537
DOID:11054 / Urinary bladder cancer [UBC] 1640
DOID:1324 / Lung cancer [Lunca] & DOID:3907 / Lung squamous cell
carcinoma 2568
DOID:1324 / Lung cancer [Lunca] & DOID:3910 / Lung adenocarcinoma 17
DOID:1612 / Breast cancer [BRCA] 989
DOID:1781 / Thyroid cancer [Thyca] 502
DOID:1793 / Pancreatic cancer [PACA] & DOID:4074 / Pancreas
adenocarcinoma 108
DOID:1993 / Rectum cancer [Recca] & DOID:1996 / Rectum
adenocarcinoma 6
DOID:263 / Kidney cancer [Kidca] & DOID:4465 / Papillary renal cell
carcinoma 425
DOID:263 / Kidney cancer [Kidca] & DOID:4471 / Chromophobe
adenocarcinoma 6
DOID:263 / Kidney cancer [Kidca] & Kidney renal clear cell carcinoma 2421
DOID:3571 / Liver cancer [Livca] 385
DOID:363 / Uterine cancer [Uteca] 1607
DOID:4362 / Cervical cancer [Cerca] & DOID:3744 / Cervical squamous cell
carcinoma & DOID:0050940 / Endocervical adenocarcinoma 1298
DOID:5041 / Esophageal cancer [EC] 1699

6.3 Intersection of Tissue-Specific Genes and Differentially Expressed Genes in

Cancer

Having gathered all specific-genes and DEG for 16 different cancer types, the next step
was to intersect and find overlapping genes for each cancer type, to investigate and
understand tumoral heterogeneity and cancer cell behavior through a new reliable
robust and rigorous computational approach in the context of this thesis study. Number
of calculated tissue-specific genes for parent tissue and results from this process will be
givenin Results and Discussion. Specific genes for all tissues were listed in the following

code, Algorithm 20:
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Algorithm 20

library(tidyverse)

all_geneTissuePair <- read.csv(file = "all_geneTissuePair.csv", stringsAsFactors = FALSE)
only_parent_geneTissuePair <- read.csv(file = "only parent_geneTissuePair.csv",
stringsAsFactors = FALSE)

all_geneTissuePair <- tbl_df(all_geneTissuePair)

only_parent_geneTissuePair <- tbl_df(only_parent_geneTissuePair)

parent <- only_parent_geneTissuePair %>% select(parent_tissue) %>% unique()
parent_spe <-only_parent_geneTissuePair %>% select(gene, parent_tissue) %>%

group_by(parent_tissue, gene) %>% unique() %>% summarise(spe = n())

write.csv(parent_spe,"specific_genes_final.csv")

stomach <- filter(parent_spe, parent_tissue == parent[1, ])

brain <- filter(parent_spe, parent_tissue == parent[2, ])

spleen <- filter(parent_spe, parent_tissue == parent[3, ])

skin <- filter(parent_spe, parent_tissue == parent[4, ])
bone.marrow <- filter(parent_spe, parent_tissue == parent[5, ])
testis <- filter(parent_spe, parent_tissue == parent[6, ])
appendix <- filter(parent_spe, parent_tissue == parent[7, ])

liver <- filter(parent_spe, parent_tissue == parent[8, ])

lung <- filter(parent_spe, parent_tissue == parent[9, ])

prostate <- filter(parent_spe, parent_tissue == parent[10, ])
thyroid <- filter(parent_spe, parent_tissue == parent[11, ])
salivary.gland <- filter(parent_spe, parent_tissue == parent[12, ])
small.intestine <- filter(parent_spe, parent_tissue == parent[13, ])
placenta <- filter(parent_spe, parent_tissue == parent[14, ])
lymph.node <- filter(parent_spe, parent_tissue == parent[15, ])
heart <- filter(parent_spe, parent_tissue == parent[16, ])
adrenal.gland <- filter(parent_spe, parent_tissue == parent[17, ])
esophagus <- filter(parent_spe, parent_tissue == parent[18, ])

kidney <- filter(parent_spe, parent_tissue == parent[19, ])
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ovary <- filter(parent_spe, parent_tissue == parent[20, ])
pancreas <- filter(parent_spe, parent_tissue == parent[21, ])
colon <- filter(parent_spe, parent_tissue == parent[22, ])
adipose.tissue <- filter(parent_spe, parent_tissue == parent[23, ])
rectum <- filter(parent_spe, parent_tissue == parent[24, ])
oviduct <- filter(parent_spe, parent_tissue == parent[25, ])
seminal.vesicle <- filter(parent_spe, parent_tissue == parent[26, ])
vagina <- filter(parent_spe, parent_tissue == parent[27, ])

tongue <- filter(parent_spe, parent_tissue == parent[28, ])

uterus <- filter(parent_spe, parent_tissue == parent[29, ])
spinal.cord <- filter(parent_spe, parent_tissue == parent[30, ])
epididymis <- filter(parent_spe, parent_tissue == parent[31, ])
penis <- filter(parent_spe, parent_tissue == parent[32, ])

breast <- filter(parent_spe, parent_tissue == parent[33, ])
vas.deferens <- filter(parent_spe, parent_tissue == parent[34, ])
whole.blood <- filter(parent_spe, parent_tissue == parent[35, ])

tibial.nerve <- filter(parent_spe, parent_tissue == parent[36, ])

The purpose of using DEG is illustratedin Figure 6.1 below:

Cancer DEG I Healf?)-' ﬁSS“‘f—‘
. N \spea ic-genes
[ Only | ‘ Only \"«l
. DEG |\ | specific |
~ ///

Overlapping genes

Figure 6.1 Intersection process between DEG and specific genes

We calculated overlapping genes between cancer DEG for each type of cancer and

tissue-specific genes for each healthy tissue matching the cancer type. We generate

results that contain number of overlapping genes and their lists, number of only DEG for

each cancer and number of only tissue-specific genes for corresponding tissue.

Furthermore, to analyze intra-tumoral heterogeneity we tried to show whether DEG for

a single cancer type are specific to other tissues instead of related tissue or not. The lists
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of genes were computed with the Algorithm 21. This process was applied to all cancer
DEG data mentioned in this Section. The sample code below is for only a few cancers

(breast cancer, liver cancer, cervix cancer):

Algorithm 21

# 1. Breast cancer (breast tissue)
breastcancer<-
filter(DEG_conversion_tissue_specific_all,Cancer.Ontology=="DOID:1612 / Breast
cancer [BRCA]")
intersection_breast<-data.frame(intersect(breastSgene,breastcancerSgene.x))
only_breast_deg<- data.frame(setdiff(breastcancerSgene.x,breastSgene))
only breast_spe<- data.frame(setdiff(breastSgene,breastcancerSgene.x))
od_breastx<-
rename(only_breast_deg,gene=setdiff.breastcancer.gene.x..breast.gene.)%>%
left_join(parent_spe, by=c("gene"))%>%

filter(lis.na(spe))%>%

filter(parent_tissue!="breast")%>%

group_by(parent_tissue) %>%

summarise(number=n())
# 2. Liver cancer (liver tissue)
livercancer<- filter(DEG_conversion_tissue_specific_all,Cancer.Ontology=="DOID:3571
/ Liver cancer [Livca]")
intersection_liver<-data.frame(intersect(liverSgene,livercancerSgene.x))
only_liver_deg<- data.frame(setdiff(livercancerSgene.x,liverSgene))
only_liver_spe<- data.frame(setdiff(liverSgene,livercancerSgene.x))
od_liver<-rename(only_liver_deg,gene=setdiff.livercancer.gene.x..liver.gene.)%>%
left_join(parent_spe, by=c("gene"))%>%

filter(lis.na(spe))%>%

filter(parent_tissue!="liver")%>%

group_by(parent_tissue)%>%

summarise(number=n())

# 3. Cervix cancer (cervix,ectocervix,endocervix tissues)
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cervix<-all_geneTissuePair%>%

select(gene,tissue)%>%

group_by(tissue,gene)%>%

unique()%>%

summarise(spe=n())%>%

filter(tissue=="cervix")
cervixcancer<-
filter(DEG_conversion_tissue_specific_all,Cancer.Ontology=="D01D:4362 / Cervical
cancer [Cerca] & DOID:3744 / Cervical squamous cell carcinoma & DOID:0050940 /
Endocervical adenocarcinoma")
intersection_cervix<-data.frame(intersect(cervixSgene,cervixcancerSgene.x))
only_cervix_deg<- data.frame(setdiff(cervixcancerSgene.x,cervixSgene))
only_cervix_spe<- data.frame(setdiff(cervixSgene,cervixcancerSgene.x))
od_cervix<xrename(only_cervix_deg,gene=setdiff.cervixcancer.gene.x..cervix.gene.)%>
%left_join(parent_spe, by=c("gene"))%>%

filter(lis.na(spe))%>%

filter(parent_tissue!="cervix")%>%

group_by(parent_tissue)%>%

summarise(number=n())

Differentially expressed genes were calculated for 16 different cancer types. After that,
DEG of cancer type and genes specifically expressed in the matching tissues were
overlapped. In addition to all, intersected genes and only DEG were investigated in the

tissue specificity perspective.

6.4 Functional Annotation of All Gene Groups

Functional annotation is very important for understanding the role of genes in biological
processes. For this reason, The Database for Annotation, Visualization and Integrated
Discovery (DAVID) [278] was used for functional annotation in this study. DAVID can be

used to understand biological meaning of genes.

Intersected genes might be crucial for targeted treatment of solid tumors. They can be

used as biomarker for related cancer because they are specifically expressed in that
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tissue or organ. In this context, exploring these genes in context of molecular pathways
or biological processes is essential. Hence, both all tissue-specific genes and only
intersected genes were analyzed by using DAVID annotation tool to detect related
diseases, pathways and as an important parameter, GO terms (depends on biological
processes, molecular functions, cellular components) for each gene group compiled in
this study. While genes are annotated with their functional properties in organism,
Benjamini-Hochberg adjusted P valueis the criterion of being significant. Itis a powerful
procedure that decreases the false discovery rate. Benjamini-Hochberg is an adjustment
method including the Bonferroni correction in which the p-values are multiplied by the
number of comparisons and it is used when there are more than one p value [279]. If
this score is < 1072, listed functions, diseases, pathways are significant and associated
with examined genes. Usage of DAVID and annotation results as an example was

indicated in Figure 6.2:

Home | Start Analysis | Shortcut to DAVID T¢.
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¢ ouf AFFYMETRIX_3PRIME_IVT_ID ~
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W ENTREZ_GENE _ID

/25| FLYBASE_GENE_ID

s | GENBANK_ACCESSION
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GENPEPT_ACCESSION
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AFFYMETRIX_3PRIME_IVT 1D v |l

Background 3 Cluster(s) B Download File
Annotation Cluster 1 Enrichment Score: 0.83
Gene List Manager O UP_SEQ_FEATURE signal peptide E ea— 3 1.56-2 6.9E-1
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[SIR U= SECCRERT I glycosylation site:N-linked (GlchAc...) 4 S — 5 1.4E1 1.060
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Annotation Ch 73 =]
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m] UP_SEQ_FEATURE transmembrane region = [l corresponding gene-term association not reported yet

Figure 6.2 Usage of DAVID for functional annotation
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In this thesis study, first aim is to identify protein-coding gene profiles and determine
specifically expressed genes in 96 child tissues that are parts of 39 parent tissues. Next
aim is to reveal intra-tumoral heterogeneity and tumor cell behavior of different cancer
types. Therefore, two important gene groups which are specifically expressed in healthy

tissues and differentially expressed genes in cancers were intersected, in brief.

The applications performed in this section can be summarized by the following flow

chart, in Figure 6.3:

e e ——
Start - -~
l Differentially Tissue specific genes
expressed genesin 16 from healthy tissue
Import cancers samples
datato R axx_/f S~ -
l Intersecti
Data D . .
Cleaning conversion Bioinformatics
analyzes
Eiltratimiufa.\'()x- ] |
Significance =  Filtrationof«FCy  Log2(FC) >=1 & ‘ Interpretation of ‘ .  End

YES Log2(FC) <=-1 results

Figure 6.3 Flow chart of obtaining DEG and other processes

In addition to DEG analysis it was decided that only cancer patient data should be

examined in terms of tissue specificity.

6.5 TCGA Data for Various Cancer Types

Gene expression may show alteration in cancer patients depending on cancer type,
stage and environmental conditions. Determination of gene expression of tumor tissue
and normal tissue in cancer patients are very significant perspective to understand
mechanism of cancer cell and this process. In this part of study, gene expression profile
was examined to investigate cancer cell mechanism, tumoral heterogeneity and to find
out new specific targets for cancer in the context of tissue-specific genes for various

cancer types and patients in different conditions.
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TCGA (The Cancer Genome Atlas) [280] is a cancer data portal that collects and analyzes
tumor samples from many patients who have many different cancer types. There are a
lot of data types in TCGA such as clinical data, DNA-sequencing, miRNA-sequencing,
RNA-sequencing, DNA methylation etc. In this study, FPKM normalized RNA-sequencing
data was retrieved and used for downstream analysis. Cancer types which had high
number of samples and were solid tumors, were selected among TCGA data. Data were
downloaded by TCGA portal specific R packages. Selected cancer types and number of

cancerous tissue and normal tissue samples in each cancer are presented in Table 6.5:

Table 6.5 Number of cancerous and healthy tissue samples obtained from TCGA

Cancer type Number of | Number of
tumor tissue | normal tissue
samples samples

Bladder Urothelial Carcinoma [BLCA] 412 19

Breastinvasive carcinoma [BRCA] 1097 50

Colon adenocarcinoma [COAD] 461 41

Esophageal carcinoma [ESCA] 185 11

Kidney renal clear cell carcinoma [KIRC] 536 72

Kidney renal papillary cell carcinoma [KIRP] 291 32

Liver hepatocellular carcinoma [LIHC] 377 50

Lung adenocarcinoma [LUAD] 521 59

Pancreatic adenocarcinoma [PAAD] 185 4

Thyroid carcinoma [THCA] 507 59

Uterine Corpus Endometrial Carcinoma [UCEC] 548 24

Cancer data were downloaded from TCGA, organized as SummarizedExperiment object

and archived as RDS file in R. TCGAbiolinks, GenomicDataCommons and
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SummarizedExperiment packages were used for mentioned tasks. The code below, as
an example, downloads Breast cancer (BRCA) data, organizes into

SummarizedExperiment object and then saves as rds file using Algorithm 22:

Algorithm 22

# source('https://bioconductor.org/bioclite.R')
# biocLite('TCGAbiolinks')
# bioclite('SummarizedExperiment')
# bioclite("GenomicDataCommons")
library(TCGAbiolinks)
library(SummarizedExperiment)
library(GenomicDataCommons)
suppressPackageStartupMessages(library(tidyverse))
query.exp.hg19 <- GDCquery(project = "TCGA-BRCA",
data.category = "Gene expression",
data.type = "Gene expression quantification",
platform = "lllumina HiSeq",
file.type ="normalized_results",
experimental.strategy = "RNA-Seq",
legacy = TRUE)
GDCdownload(query.exp.hg19, method = "client", files.per.chunk = 5)
downloaded_data <- GDCprepare(query.exp.hg19)

saveRDS(downloaded_data,"tcga_brca_rnaseq_data.rds")

11 different cancer data were used in this study, data were obtained as rds file as

follows:

tcga_brca_rnaseq_data.rds tcga_kirc_rnaseq_data.rds tcga_paad_rnaseq_data.rds
tcga_blca_rnaseq_data.rds tcga_kirp_rnaseq_data.rds tcga_thca_rnaseq_data.rds
tcga_coad_rnaseq_data.rds tcga_lihc_rnaseq_data.rds tcga_ucec_rnaseq_data.rds

tcga_esca_rnaseq_data.rds tcga_luad_rnaseq_data.rds
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The code below demonstrates that TCGA data were read from rds file, sample
information (patient data such as age, gender, race, tumor stage, etc) has been
extracted and joined with expression data in tidy format. Liver cancer (lihc)and pancreas

cancer (paad) examples were only shown in Algorithm 23:

Algorithm 23

library(SummarizedExperiment)
library(tidyverse)
library(stringr)

library(biobroom)

#Liver cancer data (lihc_data)

lihc <- readRDS("tcga_lihc_rnaseq_data.rds")

exp_metadata_lihc <- as.tibble(colData(lihc))

names(rowRanges(lihc)) <- paste0(rowRanges(lihc)Sensembl_gene_id,"-

",rowRanges(lihc)Sentrezgene)

lihc_data<-exp_metadata_lihc %>%
select(1:3,4,5,10,11,22,23,28:29,31:33,41:44,46,55) %>%
mutate(age_at_diagnosis=as.integer(ceiling(age_at_diagnosis/ 365.2424))) %>%
inner_join(tidy(lihc), by=c("barcode"="sample")) %>%
select(gene,name,value,everything()) %>%
select(gene,value,sample,shortLetterCode) %>%
spread(shortLetterCode,value) %>%

arrange(gene,sample)

#Pancreas cancer data (paad_data)

paad <-readRDS("tcga_paad_rnaseq_data.rds")

exp_metadata_paad <- as.tibble(colData(paad))

names(rowRanges(paad)) <- pasteO(rowRanges(paad)Sensembl_gene_id,"-

",rowRanges(paad)Sentrezgene)

paad_data<-exp_metadata_paad %>%
select(1:3,4,5,10,11,22,23,28:29,31:33,41:44,46,55) %>%

mutate(age_at_diagnosis=as.integer(ceiling(age_at_diagnosis/ 365.2424))) %>%
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inner_join(tidy(paad), by=c("barcode"="sample")) %>%
select(gene,name,value,everything()) %>%
select(gene,value,sample,shortLetterCode) %>%
spread(shortLetterCode,value) %>%

arrange(gene,sample)

TCGA data have some information about patients such as, tumor type (primary tumor,
metastatic tumor etc.), stage (stage |, Il, lll etc.), alcohol consumption, smoking, sex, age
and nationality. We used tumor type information. Tumor types had been coded in TCGA

data like that:

Primary Solid Tumor > TP
Recurrent Solid Tumor = TR
Metastatic Tumor = MT
Solid Tissue Normal = NT

There are some steps in here to compare cancer data which were obtained from TCGA
and normal tissue data which were used for tissue specificity exported from

ArrayExpress and ExpressionAtlas. In Algorithm 24,

e Raw expression data from EMTAB datasets were merged as a single file for

comparison with the TCGA data.

e Percentages of expression of each specifically expressed gene in tissues were
calculated, added as a new column and saved as rds file that is called
“raw_expression_percentage_all”. Moreover, there is a file defined as
“joined_genepair” which was prepared before for plotting graphics. It contains

specific genes for all datasets, related tissues and tau scores of genes.

Algorithm 24

datal733<-read_csv("datal733.csv")
data2836<-read_csv("data2836.csv")
data5214<-read_csv("data5214.csv")
data4344<-read_csv("datad344.csv")
data3358<-read_csv("data3358.csv")
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raw_expression_all<-datal733%>%
rename(Ensembl.Gene.ID=EnsemblGenelD)%>%
gather(tissue,expression,-X1,-Ensembl.Gene.ID)%>%
mutate(sample="datal1733")
raw_expression_all<-data2836%>%
select(-Gene.Name)%>%
gather(tissue,expression,-X1,-Ensembl.Gene.ID)%>%
mutate(sample="data2836")%>%
bind_rows(raw_expression_all)
raw_expression_all<-data5214%>%
select(-Gene.Name)%>%
gather(tissue,expression,-X1,-Ensembl.Gene.ID)%>%
mutate(sample="data5214") %>%
bind_rows(raw_expression_all)
raw_expression_all<-data4344%>%
select(-Gene.Name)%>%
gather(tissue,expression,-X1,-Ensembl.Gene.ID)%>%
mutate(sample="data4344") %>%
bind_rows(raw_expression_all)
raw_expression_all<-data3358%>%
select(-Gene.Name)%>%
gather(tissue,expression,-X1,-Ensembl.Gene.ID)%>%
mutate(sample="data3358") %>%
bind_rows(raw_expression_all)
raw_expression_all%>%
select(sample)%>%
count(sample)
saveRDS(raw_expression_all,"raw_expression_all.rds")
raw_expression_percentage_all<-raw_expression_all %>%
group_by(Ensembl.Gene.ID,sample)%>%
mutate(percentage=expression / sum(expression)*100)

saveRDS(raw_expression_percentage_all,"raw_expression_percentage_all.rds")
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In this section, we try to understand and interpret intra-tumoral heterogeneity, cancer

cell migration and behavior using TCGA data instead of DEG. For this purpose, we used

some filtrations when we processed together three different data as mentioned above:

raw expression percentage data, tissue-specific genes data and TCGA expression data.

Some criteria must be defined for the combining of TCGA cancer data with specific gene

data.

First criterion was used for TCGA cancer data. The averages of normal tissue
samples were calculated for each gene from cancer data. Tumor samples were
evaluated separately because of different expression levels among patients.

After that this criterion is as follows: TP > (average_NT + (2*stddev_NT))
TP: expression levels of primary tumor samples

Average NT: average of expression levels of normal tissue samples
Stddev_NT: standard deviation of expression levels of normal tissue samples

If expression of a gene in primary tumor sample is above the criterion, this gene

will be filtered in related cancer type to be used for further analysis.

Second criterion is about primary tumor samples. TP value of a gene for patients
in single cancer must be greater than 50 as expression value to minimize

experimental errors and to achieve high accuracy results (TP>50).

Third criterion is about raw expression data of tissue-specific genes. If a gene is
specific to a tissue, it may be specific to other tissues thanks to our new
approach. Furthermore, it may be expressed in other tissues in very small
guantities. Percentage of raw expression of specific-genes calculated from
EMTAB datasets must be higher than 95% because we desire to select
restrictedly expressed specific-genes in a particular single tissue. By this way,
strictly expressed specific-genes were preferred for further analysis. Meaning of
this criterion is that a gene is not only specifically but also restrictedly expressed

at a very high proportion ina particular tissue.

Fourthly, the more important criterion concerns both data: raw expression of a

tissue specific-gene and normal tissue expression retrieved from TCGA for the
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corresponding tissue. This criterion can be better explained with an example.
Assume that a gene is specific to pancreas tissue strictly (raw expression > 95%
of total). This gene was shown to be expressed based on TCGA data in primary
tumor sample of liver cancer. Normally, healthy liver sample must have low
expression level for this gene because it is specific and restrictedly expressed in
pancreas. Therefore, there is a significant criterion relationship between
expression of gene in both raw expression of gene and normal sample value of

patients. Criterion was adjusted as follows: average_NT< (0.1*raw expression)
Note: Raw expression values of genes come from EMTAB data.

e The lastcriterion is about number of patients. Genes were filtered according at
least 20 patients with all the criteria mentioned above were accepted (number

of patients > 20).

All criteria and combination of three different gene information tables are explained

in brief as a simple figure.

Raw expression values from
EMTAB TCGA (example: ucec data)

faw N percentage gene patients TP NT criteria

IgeneA esophagus | geneA| 49321 97.83% geneA X 920767 212 813

Specific gene list

gene tissue gene

| geneD heart geneD 1126 99% geneD T 20263 2319 79.01

Percentage > 95% : restrictedly expression of gene

TP > 50 : expression of primary tumor

criteria = average_NT + (2*stddev_NT) : an important criteria

TP > criteria : TP expression is higher than criteria
average_NT< (0.1*raw expression) : very low expression in normal tissue
Number of patients > 20 : at least 20 patients

Figure 6.4 Data were joined, and all criteria were applied to reveal significant genes

The above-mentioned procedures an example with uterine carcinoma (ucec) in Figure
6.4 were performed for each 11 different cancer types from TCGA, and the procedure
above was repeated for all cancer data using following Algorithm 25 (only liver cancer

and pancreas cancer data code samples were shown):
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Algorithm 25

#Liver cancer data (lihc_data)

only_calculated<-lihc_data %>%
group_by(gene) %>%
mutate_all(funs(ifelse(is.na(.),0,.))) %>%
mutate(count=n_distinct(NT)-1)%>%
arrange(gene) %>%
mutate(total_NT=Reduce("+",NT)) %>%
mutate(average_NT=total _NT /count) %>
mutate(NT_NA=ifelse(NT==0,NA,NT)) %>%
mutate(stddev_NT=sd(NT_NA,na.rm=TRUE)) %>%

mutate(criteria=average_NT+(2*stddev_NT))

only_calculated_criteria<-only_calculated %>%

filter(TP>criteria) %>%

separate(gene, c("ensembl”, "entrez"), "-")
join_lihc_specific_rawexp<-joined_genepair %>%

mutate(sample=str_replace(sample,"E-MTAB-","data")) %>%
left_join(raw_expression_percentage_all,by=c("Ensembl.Gene.ID","tissue","sample"))
%>%

left_join(only_calculated_criteria,by=c("Ensembl.Gene.ID"="ensembl")) %>%

arrange(-percentage) %>%

filter(tissue!="liver",percentage>95,TP>50,average_NT< (0.1*expression)) %>%

count(Ensembl.Gene.ID,tissue)

join_lihc_specific_rawexp20<-join_lihc_specific_rawexp %>%
group_by(Ensembl.Gene.ID,tissue) %>%
select(2,3,13) %>%
unique() %>%

count() %>%
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filter(n>20)

saveRDS(join_lihc_specific_rawexp20,"join_lihc_specific_rawexp20.rds")
#Pancreas cancer data (paad_data)

paad_only calculated<-paad_data %>%
group_by(gene) %>%
mutate_all(funs(ifelse(is.na(.),0,.))) %>%
mutate(count=n_distinct(NT)-1)%>%
arrange(gene) %>%
mutate(total_NT=Reduce("+",NT)) %>%
mutate(average_NT=total_NT /count) %>%
mutate(NT_NA=ifelse(NT==0,NA,NT)) %>%
mutate(stddev_NT=sd(NT_NA,na.rm=TRUE)) %>%

mutate(criteria=average_NT+(2*stddev_NT))

paad_only calculated_criteria<-paad_only calculated %>%

filter(TP>criteria) %>%

separate(gene, c("ensembl", "entrez"), "-")
join_paad_specific_rawexp<-joined_genepair %>%

mutate(sample=str_replace(sample,"E-MTAB-","data")) %>%
left_join(raw_expression_percentage_all,by=c("Ensembl.Gene.ID","tissue","sample"))
%>%

left_join(paad_only_calculated_criteria,by=c("Ensembl.Gene.ID"="ensembl")) %>%

arrange(-percentage) %>%

filter(tissue!="pancreas",percentage>95,TP>50,average_NT< (0.1*expression))

join_paad_specific_rawexp20<-join_paad_specific_rawexp %>%
group_by(Ensembl.Gene.ID,tissue) %>%
select(2,3,14) %>%
unique() %>%
count() %>%

filter(n>20)

saveRDS(join_paad_specific_rawexp20,"join_paad_specific_rawexp20.rds")
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After generating new lists, some analyses were performed, and detailed graphs were
plotted. The genes which are highly expressed in a single cancerous tissue and passing
all criteria were detected although they were specific to another particular tissue. These
genes were described as “selected genes” in the thesis study. Moreover, selected genes
were grouped according to the number of related cancer types and they were expressed
according to stringent criterion described above. Analyses were performed for these

genes in each cancer type. They were selected according to new thresholds:
e Asingle geneis specific according to all EMTAB datasets (consensus),
e Genes passing the above criteria and common all cancer types,
e Genes passing the above criteria appearing in 5 cancer types
e Genes passing the above criteria appearing in only one cancer type

All steps are summarized in Figure 6.5:

Start < Bioinformatics >
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l warehouse *
Number of|patients > 20 l
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data via R Interpretation of
Big data results
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combining data l

Tidying End
data
‘ Decide to Poave NT+(2%sd N
criteria avg NI+(2%d NT)
Raw expression

Filter tumor data —— Filter tumor data

Figure 6.5 Flow chart of TCGA cancer data analysis

6.6 Understanding the Molecular Functions of Selected Genes

Understanding the functions of the identified genes is very important for the purpose of
this study. The gene names and basic functions of selected genes which have Ensembl

Gene ID are listed using BioMart.
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GeneCards [281] is a searchable, integrative and user-friendly database that provides
comprehensive and actual information on all annotated and predicted human genes.
GeneCards was used to identify gene function, expression, paralogs, orthologs,

disorders and pathways and more.

WebGestalt [282] (WEB-based Gene SeT Analysis Toolket) is a functional enrichment
analysis web tool for gene lists which are interested in research in bioinformatics. One
of the complementary methods for enrichment analysis is Over-Representation Analysis

(ORA) in WebGestalt. We used ORA to reveal enrich functions of genes.

6.7 Network Analysis of Selected Genes

Genes are regulated by various transcription factors or microRNAs. The analysis above
has supported estimation and interpolation of heterogeneity and interesting
mechanisms of cancer cells. Besides, network analysis of these selected genes has

potential to provide more insight.

NetworkAnalyst (network-based visual analytics for gene expression profiling, meta-
analysis and interpretation) [283] is an interactive, simple and easy to use tool to
support integrative analysis of gene expression data through statistical, visual and
network-based approaches. It may be very useful to find related miRNAs, TFs, drugs etc.
It helps identifying and interpreting genes via generating networks. We carried out

network analysis forall cancer types and selected genes to elicit the related miRNAs.
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Figure 6.6 Obtaining related miRNAs and their networks via NetworkAnalyst

After network analysis of genes, detected miRNAs were examined in terms of related
diseases. For this purpose, miR2Disease Base [284] was used. miR2Disease is a
manually curated database, aims at providing a comprehensive knowledge of miRNA
deregulation in various human diseases. Each result of miR2Disease contains detailed
information on a miRNA-disease relationship, detection method for miRNA expression,

and literature reference.

NetworkAnalyst allows exporting results into different file formats such as siff, png, svg
and graphml. We exported our analysis as graphml file and visualized the networks via

CytoScape.

Cytoscape [285] is an open source software platform for visualizing molecular
interaction networks and biological pathways. It can be downloaded and used in
personal computers easily. Even though CytoScape is capable of not only network
visualization but also network analysis, we used this software for visualizing simple
networks using selected genes and related miRNAs. All analyses stated in Section 6.6

and 6.7 were performed for DEG data in Section 6.3 and TCGA data in Section 6.5.

In this chapter, DEG cancer patients’ gene data for various cancer types were examined.

Furthermore, the association of them with tissue-specific genes were found out.
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Significant genes which may be related to tumoral heterogeneity and cancer cell
mechanisms were detected using some stringent criteria and thresholds. After that,

bioinformatic analysis were carried out for understanding functions of genes and related

miRNAs.
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Figure 6.7 All analyses were performed during the thesis study

In this study, tissue-specific genes were identified using a robust and rigorous method.
After that DEG lists for 16 different cancer types were examined in the context of tissue
specificity. Some disadvantage of DEG are limited obtaining the detailed information
and reliability of results are lower due to down regulated genes in DEG. For this reason,
gene expression profiles of cancer patients were examined to obtain comprehensive and
reliable information about tumoral heterogeneity and cancer cell invasive behaviors. All
analyses were summarized as a flow chart in Figure 6.7 in order to discuss tumoral

heterogeneity and complex mechanisms of cancer cell
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Discovering new biomarkers for cancer detection, effective treatment and to solve
heterogeneity mechanism will have huge impact for patients with cancer all over the
world. This thesis study serves similar purpose. RNA-seq data was used because of its
advantages. Besides, all computational analyses were performed using R programming

language. The code of some comprehensive graphs is presented in Appendix-A Section.
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CHAPTER 7

RESULTS AND DISCUSSION

Biological applications of computer science algorithms have led to the emergence of
field of bioinformatics which facilitates significant developments in various medical
problems. Upon improvements in NGS technology, bioinformatic analyses have become
more widespread and crucial. NGS technologies comprehensively and systematically
confirm nucleotide sequence, copy number of genomic loci, copy number of mRNA
molecules, also known as “level of gene expression”. Innovative bioinformatics and
computational techniques have been well applied in various medical research fields, and

oncology is one such field.
Objective of this thesis study can be summarized as,

e Understanding of gene expression profiles,

e Generating robust and rigorous classification of tissue-specific genes

e Determining differentially expressed genes for various tumors, intersection of
two important gene groups,

e Functional annotation of selected gene groups,

e Examination of gene expressions in cancer patients with primary tumors,

e Assessment of expression of genes interms of tissue-specific genes,

e Discussing intra-tumoral heterogeneity,

e Interpreting cancer cell mechanisms and their behaviors

e Suggesting tissue-specific targets for each cancer and generating effective

diagnostic biomarkers.

To achieve all the objectives, a comprehensive literature search and detailed analyzes

were conducted. Five big datasets that are freely accessible were used in this study for
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healthy gene expression. 96 different tissue types were classified via tissue ontology and
a variety of cancer types were examined in the context of tumoral heterogeneity and
cancer mechanisms. Our findings were presented in tables, figures and networks. This
study was designed and conducted so that its output would contribute to the already

growing body of information about cancer research.

7.1 Evaluation of Tissue Specificity Results

Gene expression s a crucial phenomenon for all living organisms to understand all steps
of life. Therefore, in order to discover gene expression profiles, new devices,
technologies and bioinformatic tools have been developed all over the world. If a gene
is expressed in many cells, tissues or organs, it is classified as housekeeping gene and
since it has a function needed in many organs, tissues and cell types such as general
metabolic activity like glycolysis, cell cycle, cell development and cell death. On the other
hand, if a geneis expressed in a single or several cells/tissues specifically, it is classified
as tissue-specific gene. Tissue-specific genes have more specific roles and functions in
their tissues. Recent studies indicate that to find out tissue-specificity is functionally

informative for diagnosis, and treatment learning developmental stages [38].

There are tissue-specific genes which are associated with cancer morphology, pathology
and moreover, intra-tumoral heterogeneity. Thus, identification of these genes is crucial
for the discovery of tissue-specific drug targets and identifying tumoral heterogeneity.
Intra-tumoral heterogeneity is an important obstacle which complicates the
development of molecular targeted agents and can cause poor diagnosis. In this study,
we aimed to determine tissue-specific genes, find intersection between differentially
expressed genes in cancer and tissue-specific genes, for the purpose of understanding
tumor heterogeneity using a new dynamic, powerful computational method. After the
analyses of association between DEG and tissue-specific genes, gene expression profiles
of cancer patients who have primary tumors were investigatedin terms of tissue-specific
patterns to understand tumoral heterogeneity and cancer specific mechanisms.
Specifically expressed genes in one or several tissues can ensure important clues about
gene functions and molecular mechanisms of disorders. Tau is a specificity index of

genes that has been used in various studies [38], [118], [120], [121], [122], [123], [124].
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Besides, tissue specificity can be computed in a comparable manner in different datasets
or different species, as shown by Kryuchkova-Mostacci and Robinson-Rechavi’s another

study [286].

There are many studies from the beginning of 2000 about tissue specificity becauseiitis
a valuable information that has relationship with various disorders, discovering
developmental stages of multicellular organisms. Su et al. in 2004 [287] and Liang et al.
in 2006 [288], independently, generated tissue-specific MRNA expression profiles using
thousands of genes across a large number of tissue types (130 tissue types combined)
from normal human samples through microarray data. VeryGene as a tool was enhanced
by Yang et al. [102] which link tissue-specific genes to diseases and drugs using
microarray data. VeryGene and other tools or databases as mentioned before such as
TisGeD, TiGER, PAGenBase used microarray or ESTs data via various specificity scores
mentioned in Section 3.6.1. We used RNA-seq data and a new effective method
integrated with the best specificity score, tau. Therefore, our study will make a

significant contribution to the literature.

There are a lot of different specificity scores or algorithms in literature. If we investigate
their advantages and disadvantages, we understand that tau score is the best although
it has some deficiencies. Assis and Bachtrog studied tissue-specific genes via tau score
in their research about young duplicate genes in Drosophila [289]. Bush et al. used tau
score to explain relationship between lineage-specific sequence evolution and
expression level in A. thaliana [290]. Additionally, tissue-specific genes were calculated

to understand tissue and organ evolution in another study [120].

We can see from the examples that; one-dimensional (i.e. one gene mapped to one
tissue) tissue specificity indices are generally used. However, it is limited in its capacity
to identify and categorize specific genes. To overcome this, we tried to develop a new
extensive procedure that find the tissue-specific genes in a rigorous manner. In this
thesis study, specific expression of a gene in one or more tissues were calculated using
tau as a robust specificity index and statistical distance as a rigorous method via RNA-
seq data of 96 human tissues for protein coding genes. Statistically significant interval
estimation is a statistical procedure which provides rigorous results. As aresult, we used

a novel approach that is the integration of tau score and statistical distance procedure
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to calculate protein coding tissue-specific genes from RNA-seq data. We also have
investigated the fact that how many genes specific to a tissue plays a role in cancer
development in that tissue. After all statistical analysis and calculation of gene groups
which are called intersected genes, only DEG and only specific-genes, we performed
functional annotation to understand their roles in cancer and improve new effective
targeted treatment. In addition, we integrated our findings with gene expression data
in cancer patients’ samples and normal samples obtained from TCGA. In order to
recognize the intra-tumoral heterogeneity and cancer cell mechanism, cancer data was
evaluated by integrating it with tissue-specific gene information. Some criteria were

applied to the combined data for generating reliable results.

In this study, there are two main parts. First part, it contains calculation of tissue-specific
genes for 96 different tissue types. Second part, it includes discussion of intra-tumoral

heterogeneity and cancer mechanism for various types of cancer.

Before beginning to analyze the data, the distribution of datasets was examined.
Kolmogorov- Smirnov test was applied for each dataset. Both K-S test and Q-Q plots
showed that distribution of datasets fit normal distribution and expression values are

close to each other.

When we tried to investigate gene expression profiles, we obtained null expression,
weak expression, wide-spread expression and specific expression gene lists for each
dataset. The criteria for each category is described in Section 5.2. The table below

summarizes number of genes in each category for each dataset.

Table 7.1 Number of genes in each expression class for all dataset

Gene profile| E-MTAB- E-MTAB- E-MTAB- E-MTAB- E-MTAB-
1733 2836 5214 3358 4344

Null 1260 2427 2672 1808 3394

expression

Weak 1808 2533 2788 3869 2976

expression

Wide- 13126 11733 11434 8698 11013

spread

expression

Specific 2669 2983 2782 2063 2293

expression
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According to Table 7.1, the number of tissue-specific genes is comparable between all
samples. This result shows us that the method which was used for the determination of
tissue specificity and to separate null expressed genes, weakly expressed genes and
wide-spread expressed gene is very effective and accurate. If we compare tissue
specificity using only tau score with extended tau calculationas our new approach which
includes integration of tau score and statistically significantly interval estimation from
maximum expression of a gene, our new approach gives more accurate and
comprehensive results. We can see comparison of only tau score results and extended

tau approach results for each datasetin Table 7.2:

Table 7.2 Comparison of results between only tau and extended tau

Datasets Only tau Extended tau
(gen-tissue pairs) (gen-tissue pairs)
EMTAB_1733 2669 3370
EMTAB_2836 2983 4257
EMTAB_5214 2782 4680
EMTAB_3358 2063 3982
EMTAB_4344 2293 3097

According to Table 7.2, number of gene-tissue pairs in new approach is higher than tau
score results. Because we assigned genes to multiple tissues, genes might be specific to
one or several tissues or cell types. It is quite natural result that the number of genes in

the newly developed method is higher.

Tissue-specific genes in each datasets for child tissues
a)
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Datasets
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=
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Gene-Tissue pairs in each datasets for child tissues
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Figure 7.6 Number of tissue-specific genes(a) and genes-tissue pairs (b) (in each
dataset for 96 child tissues)

In this study, there are 96 different tissue types, however some tissues are part of other
tissues. For instance, cerebellum and brain are different tissue types examined in all
datasets we have used. However, cerebellum is a part of brain. Thus, we categorized the
all tissues and named cerebellum as “child tissue” and brain is named “parent tissue”.
We did parent-child mappings according to Brenda Tissue Ontology. Generally, the
results were evaluated separately in both of the two groups. According to Figure 7.1 as
a demonstration of Table 7.2, gene-tissue mapping counts are comparable among all
datasets for all child tissue counts. The figure shows comparable proportions of each

dataset for the number of tissue specific genes, considering all tissues.
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Number of tissue-specifc genes intop 10 and bottom 10 child tissues
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Figure 7.2 Distribution of tissue-specific genes (for top 10 and bottom 10 child (a) and
all parent (b) tissues)

Figure 7.2 demonstrates the number of tissue-specific genes per tissues, considering
either parent only or child tissues. Testis and brain have highest number of tissue-

specific protein coding genes for both parent and child distributions. Table 7.3 lists the
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number of tissue-specific genes per tissue. Tissue-specific genes were compared among

all datasets and number of them was obtained uniquely.

Table 7.3 Number of tissue-specific genes for parent tissues

Number of Number of
Tissues specific genes Tissues specific genes
adipose tissue 150 pancreas 196
adrenal gland 191 penis 47
appendix 220 placenta 213
bone marrow 233 prostate 107
brain 748 rectum 77
breast 39 salivary gland 90
colon 190 seminal vesicle 53
epididymis 108 skin 224
esophagus 152 small intestine 360
heart 261 spinal cord 16
kidney 330 spleen 438
liver 390 stomach 131
lung 320 testis 1427
lymph node 171 thyroid 98
ovary 151 tibial nerve 51
oviduct 149 tongue 177
uterus 30 vas deferens 50

According to our results, testis and brain have highest number of specificgenes and liver
has the third highestcount. If we compare our results with all protein data results of The
Human Protein Atlas database, they are in agreement with each other, when we
evaluate results as number of tissue-specific genes independent from expression level.
Tissue Atlas classified, using proteomics data, approximately 20 000 human genes
according to their protein expression across a large number of tissues representing all
major organs and tissue types. The database defines “enriched or specific genes” as a
gene which is expressed at least five-fold higher in terms of in a particular tissue as
compared to all other tissues. Moreover, testis shows the largest number of tissue
enriched and specific genes, followed by brain and liver according to Tissue Atlas results,
respectively. In this case, the database supports our results in terms of the rank of
tissues. There is an important difference between our results and The Human Protein
Atlas [291]. On the other side, number of specific genes in each tissue is higher than The
Human Protein Atlas because of interval estimation and assigning genes to multiple

tissues based on newly generated extended tau method.
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Brain tissue is characterized by a high level of gene expression; at least 30-50% of
approximately 20,000 known protein coding genes are expressed across all parts of the
brain. Moreover, the human brain has the highest level of gene expression compared to

other mammals such as mouse, chimpanzee [142], [292], [293], [294].

Testis is the special male tissue responsible for spermatogenesis and steroidogenesis
with complex gene expressions and <10% of testis-enriched genes are male-biased in
expression. Spermatogenesis is an excellent model for studying the regulation of gene
expression during differentiation and testis is important tissue for body building
processes [295], [296]. In literature, testis-specific expression is most abundant among
the genes exhibiting tissue-specific expression [297]. Yamashita et al. used microarray
data to calculate specific genes and they found 1012 testis-specific genes [295]. Our

results are correlated with the literature.

In brain, there are genes specifically expressed based on cell types and specific layers or
regions of brain. Significant differences in cell composition of the various anatomical
brain regions resultin cell-specific differences in gene expression. For this reason, there

may be many specific-genes all over the brain [298].

Some characteristic functions of liver cells including the capacity to synthesize albumin,
urea, and the storage of glycogen are specifically expressed in liver and they were
reported in literature. If we compare these with our results, there are high correlation
between them. Although cretainin18 and creatinine 19 were defined liver specific genes
in previous literature [299], our results suggest that they are not specific to neither the
liver nor other tissues. When we examined the RNA-seq data which were used in this
study we found that they had shown a wide-spread expression, they have higher

expression in liver, though.

Tissue-specific gene perspective is significant for biological mechanism and evolution
and organogenesis as well. A research about the evolution of tissues and organs in terms
of tissue specificity showed that genes usually in the direction of stronger selection with
higher expression in brain. There are also significant partial correlations for esophagus,
prostate, adrenal, colon, and endometrium according to their study [122]. Their results
have a good correlation with our study, although aim of studies are different from each

other.
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a)

Figure 7.3 shows another evaluation about tissue specificity results. We used five large
datasets and some datasets excluded tissues studied in other datasets. Thus, not every
tissue is covered 5 times by the tissue-specific genes. Therefore, a gene may not be

specificin a particular tissue according to five datasets.
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Figure 7.3 Number of same specific genes in the same tissue from different datasets,
(a) for child tissues, (b) for parent tissues

If a gene is calculated to be specific according to five different datasets, it absolutely is
specific to related tissue. On the other hand, if a gene calculated specifically according
to only one dataset, it is specific, but it may need to be re-tested. Number of specific
genes according to only one dataset in Figure 7.3 is highest. Besides, genes that are
specific for five datasets, is lower in number than other groups. However, we are sure
that these genes are specifically expressed in related tissues precisely and five datasets
have certain consensus for these genes. The situation described in Figure 7.3 is shown

separately according to the datasets in Figure 7.4.
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Figure 7.5 shows distribution of tissue-specific genes in each dataset according to how
many genes are specific to how many tissues as a ratio. We obtained this figure because
we assigned genes to multiple tissues. EMTAB-3358 have a bigger area than other

datasets. EMTAB-3358 generally is a little bit different from other data due to its
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normalization method. For instance, our results show that EMTAB-1733 dataset does
not have a gene which is specificto more than 5 tissues. Actually, we may comment that
normalization of RNA-seq data is important for the correctness and consistency of the
results. For this reason, data type, normalization methods, usage of extensive data,

comparison of data, minimization of errors are special necessities.

Genes were assigned to multiple tissues in this thesis study through cooperation of tau
and statistically distance procedure as a new computational approach defines as
extended tau calculation method. Genes can be expressed specifically one or several
cells or tissues. This phenomenon is the difference between specific-genes and marker
genes. One of the main objectives of this study is that genes are assigned to multiple
tissues via the improved new effective method. According to graphs, genes generally
are specific to only one single tissue. In addition to this some genes can be specifically
expressed in two and more different tissues. Number of tissues usually do not exceed
five. Moreover, results of both child and parent tissues have a good correlation. Specific
genes determined during the thesis are consistent with the specificity definition in the

literature.
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Figure 7.6 illustrates the distribution of tissue specificity consensus for each tissue. For
instance, 252 genes are specific to testis according to all five datasets and 262 genes are
specific to testis which is supported by 4 datasets. This result is important for accuracy.
Onthe other hand, if tissues are included only in a single dataset, then all genes specific
to that tissue will be supported by only one dataset, naturally. For instance, gene
expression in whole blood, tongue, epididymis, seminal vesicle, tibial nerve, vas
deferens and spinal cord are examined in only one dataset, therefore genes are specific

to these tissues are supported by one dataset only.

Figure 7.7 summarizes the comparison of tissue-specific gene lists across different

datasets via Venn Diagram:

EMTAB_1733

-

EMTAB _.

EMTAB_3358

EMTAB 5214

Figure 7.7 Comparison of datasets depends on number of tissue-specific genes

In this study, 484 genes were found to be tissue-specific for all datasets. In other words,
all datasets agree on tau score of 484 genes. Although some genes are found to be
specifically expressed only in one dataset, this result suggested that our approach is
suitable and effective for the determination of tissue-specific genes in RNA-seq data.
This comparison is very important for the correctness and reliability of the results. It is
natural that there are differences in the results as they are created with different
experimental conditions, laboratory conditions, different people's tissues. If we examine
Figure 7.7, 692 genes are determined to be tissue-specific by only EMTAB-3358 dataset.

This number is the biggestcompared to others. Remember that EMTAB-3358 expression
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values were normalized using a different method, despite the same experimental
procedure. The situation illustrated by the Venn Diagram has been drawn as a network
of genes and datasets in Figure 7.8. The dataset nodes are colored as green and labeled
with dataset ID. The small red nodes represent genes. There’s edge between a gene and
a dataset if that dataset reports gene’s tau score above 0.85. So, 484 genes mentioned
in Figure 7.7 will have 5 edges, i.e., to all datasets, in Figure 7.8. The code to generate

this network graph is provided in Appendix-A.

Next, we examined the similarity between datasets according to gene expression values.
Figure 7.9 is a correlation plot between datasets in which gene expression values are

used to calculate the distance between datasets.

Figure 7.8 Network of tau scores in five datasets
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Figure 7.9 Compatibility of datasets with each other based on expression profiles (null,
widespread, weak and specific)
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Similarity is defined as dark color in these graphs and size of nodes shows number of
specific genes which are common between two datasets. If color is dark blue between
two datasets, they have high similarity, i.e., similar gene expression profile. Otherwise,
if color is light blue, two related datasets are far away from each other as expression
values. When we examine this figure, we can show that the similarity of EMTAB-5214
and EMTAB-2836 is higher than any other dataset pair. EMTAB-3358 is quite different
from all other datasets as it was observed in the previous results. Figure 7.10 shows the
similarity between EMTAB-2836 and EMTAB-5214, dissimilarity between EMTAB-3358
and EMTAB-4344 via scatterplots.

a) b)

Data from EMTAB-5214
Data from EMTAB-4344

0 7

5 5 10.0 125 00
Data from EMTAB-2836

50 75
Data from EMTAB-3358

Figure 7.10 Scatter plots for data correlation, a) relationship between two closer
datasets (EMTAB-5214 and EMTAB-2836), b) relationship between two unrelated data
sets (EMTAB-3358 and EMTAB-4344 (data were log transformed.)

After examining the datasets for similarity for gene expression, in the context of raw
data so to speak, the datasets were compared according to tau score results. The
datasets were compared for their tau score correlation, for the genes which had tau
score greater than 0.85 and accompanying correlation plot has been drawn in Figure
7.11. It was shown that EMTAB-5214 and EMTAB-2836 have high correlation, EMTAB-
3358 and EMTAB-4344 have not.
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Figure 7.11 Compatibility of datasets with each other based on tau (=0.85)
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Here, EMTAB-4344, EMTAB-1733 and EMTAB-2836 gives similar results after the
determination of tissue specificity. After that, EMTAB-5214 appears close to them. As
before, EMTAB-3358 is also far from the other datasets. Two data that give the closer
results are EMTAB-1733 and EMTAB-2836. On the other hand, two data that give the
most distant results are EMTAB-3358 and EMTAB-4344 according to Figure 7.11.

As mentioned before, tissue-specific expression profiles can be used for many different
purposes such as the understanding of molecular mechanism of health organism,
examining gene profiles for various disorders, enhancing efficiency of therapies,
discovering new biomarkers for diagnosis and also targeted treatment of disease like
cancer. Except those, there is another thing that is very important and related to all of
them, organogenesis. Progression of tissues, organs and systems in living organisms can
be understood identifying tissue-specific genes and their roles in organism. In addition
to this, interpretation of relationship between tissues in the context of specific-genes is
a very crucial approach to decipher not only tissue progress but also some diseases like
metastatic cancer. Shared tissue-specific genes between different tissues might give
clue to unravel relationships between various tissues. With this purpose in mind,
networks showing that relationship were generated for tissues in each dataset. The
nodes of networks are tissues and edges are tissue-specific genes in these networks. The

size of the nodes indicates the number of tissue-specific genes for that tissue and edge
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width is proportional to the number of shared tissue-specific genes. Figure 7.12 depicts
the tissue networks based on tissue-specific genes, which discloses the relationships

between different tissues.
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Figure 7.12 Relationship among tissues as a network (in the context of tissue-specific
genes for EMTAB-1733, EMTAB-2836, EMTAB-4344, EMTAB-5214 and EMTAB-3358,
respectively.)
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In these networks, testis and brain have highest number of tissue-specific genes.
According to The Human Protein Atlas, transcriptome analysis of human shows that 74%
of all proteins are expressed in the brain and 1460 of these genes have higher expression
in the brain compared to other tissue types. Interestingly, brain has connections to all
of the tissues because brain expression may reflect developmental ontogeny, in other
words, stages of developmental processes of human body [300]. In all the networks,
bone marrow, spleen and lymph node are tightly connected. We know that they are
member of lymph system [301]. Another group of tissues is related to female
reproductive system including vagina, uterus, ovary and oviduct suggesting that these
tissues express a list of genes which are specifically expressed in these tissues [302].
Another good example is human digestive system organs that are small intestine, colon,
rectum, liver and also stomach which share tissue-specific genes. However, it has also
been observed that some specific genes related to digestive system are associated with
kidney. It is possible because different organs can act in similar subsequent processes.
For example, ammonia is toxic and is not readily removed from the circulation by the
kidneys. Therefore, hepatocytes convert it to urea, which is less toxicthan ammonia and
is secreted into the circulation and then eliminated by the kidneys in the urine [303]. As
we can see in this example, different organs or tissues can have functions which are
related processes and the single gene can be specific the both of two organs. In addition,
epididymis, vas deferens, penis and testis are tightly connected to each other as parts
of male reproductive system. They have shared tissue-specific genes according to the

results and our findings are consistent with both literature and Brenda Tissue Ontology.

7.1.1 Comparison of Tissue Specificity Results with Protein Data

Tissue specificityis animportant phenomenon for all developmental stage and diseases.
In this study, we aimed to generate a large-tissue specific gene list for a large number of
tissues so that it can be used as a robust, rigorous and effective resource providing
deeper insight during biological research. In order to validate our findings, expression
data from The Human Protein Atlas and its subgroup Tissue Atlas were compared with

our list of tissue-specific genes.

147



After filtration of protein level which is described as "not detected" in data, we can
discover matching genes with our specificity results. When we examine these not
detected genes in protein level, we noticed that there are several genes which are
specifically expressed, and their tau scores are equal or higher than 0.85. Another result
of comparison RNA-seq data and protein data, we indicate that expression levels based
on RNA-seq data of some specific genes are lower than 10 and number of them is listed
in Table 7.4. We had categorized data in Section 5.2 according to expression level. If a
gene has lower than 10 as mRNA expression in all tissue samples in each dataset, this
expression of related gene was called as "weak expression". Some specific genes might
have expression level that is lower than 10 due to assignment of genes to multiple
tissues. These genes assigning to several tissues in the context of specificity are not
called weak expression because they can have higher than 10 as expression level. For
instance, a gene is specifically expressed in pancreas and stomach and its expression
level is 14 and 9, respectively. This is not called weak expression because of expression

level value in pancreas.

Table 7.4 Number of specific genes that are expressed lower than 10 in RNA-seq

Parent Number of specific genes Parent Number of specific genes

tissue expressed lower than 10 tissue expressed lower than 10
testis 77 skin 11
spleen 69 lymph node 10
lung 60 prostate 10
brain 48 stomach 10
appendix 38 oviduct 9
pancreas 32 small 9

intestine

kidney 26 uterus 9
ovary 22 vagina 9
liver 21 thyroid 8
colon 17 esophagus 6
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Table 7.4 Number of specific genes that are expressed lower than 10 in RNA-seq data

(cont’d)
placenta 14 rectum 6
epididymis 11 breast 5

When genes with RNA expression less than 10 were counted, the first four tissue are

testis, spleen, lung and brain, as shown in Table 7.4. More detailed categorization of

genes in this case can be developed in further analysis.

After that, protein data were classified and illustrated as a box plot according to

expression level: Not detected, low, medium and high, respectively. Raw protein data

obtained from immunochemistry and raw RNA-Seq data from EMTAB datasets were

tested for suitability of expression levels shown in Figure 7.13.

Expression level of transcription data
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Figure 7.13 Comparison of protein expression and RNA expression of genes
(transcription data were log transformed)

Our expectation is that if the protein level is “low”, RNA expression level is also low, and

this rule is valid for both “medium” and “high” definitions. Not detected protein have

generally low expression level in RNA level. They cannot be detected during
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experimental processes. According to box plot, two different types of data are
compatible with each other, in general. In EMTAB-1733 and EMTAB-5214, RNA
expression levels appear to be in concordance with protein expression categories. In
contrast, the protein level may be low in database while the RNA level is high in fact like
colipase in pancreas. It is specific because of restricted expression toward pancreas
[304]. There is a dilemma and it may be caused by experimental errors. In this case, we
concluded that RNA-seq data and protein data are not in concordance as raw expression
values. Further studies should be performed in general to investigate probable causes

of such discrepancy.

Except of those, all protein knowledge from The Human Tissue Atlas was combined with
all tissue-specific genes in each dataset. It is supported that the gene at any protein
expression level may be specific to the corresponding tissue. In other words, while
expression in protein level is low, gene can be specifically expressed. Insulin is
specifically expressed in pancreas in high level according to both of two data. Lysyl
oxidase like 4 is specific gene to pancreas in low level according to both of two data
types. Additionally, if we compare the number of tissue-specific gene lists in our results
and The Human Protein Atlas there is a good correlation between them. Brain, testis
and liver are the first three tissues in the context of tissue specificity according to both

of the two data types as mentioned before.
The final section of this thesis study can be summarized as;

After filtering out transcripts with low level of expression, protein coding genes were
assessed for specific expression in tissues. We successfully assigned genes to multiple
tissues for specificity in oppose to the assignment to single tissue by original tau study.

Results were examined using tables and figures.

Allanalysis and statistical calculations were performed in R programming language using
new algorithms. While improving of a new algorithm or tool, suitability for every data is
absolutely important. If developed algorithm is appropriate for any datasets, it is a
successful approach. In this context we must use our new approach for the calculation
of tissue-specific genes with a lot of datasets and also different experiments like
microarray. If we do this, we can advance our computational approach because it is

necessary to increase the sensitivity of the algorithm and the accuracy of the results.
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7.2 Evaluation of Intra-Tumoral Heterogeneity Results in The Context of DEG

NGS technology and bioinformatic applications contribute to the understanding of
human genome in detail, the roles of genes in development, progression, invasion and

metastasis of tumors, generating effective and useful therapies using marker molecules.

Tumor heterogeneity is an important obstacle in the better diagnosis and influent
treatment of cancer, and it decreases life quality and survival of cancer patients.
Aggressive behaviors of tumors originate from heterogeneity [305]. Besides, tumoral
heterogeneity canoccur not only between patients but alsoin the same single cancerous
tissue or organ in genetic level. This is a major challenge that needs to be elucidated.
Furthermore, heterogeneity results in functionally distinct, reduced sensitivity to
targeted therapy and poor diagnosis. Thereby, understanding heterogeneity mechanism

and role of genes is crucial for medical fields focusing on cancer [179].

Developments in genome sequencing techniques and innovative bioinformatic analyses
have provided valuable insight into the remarkable genetic complexity and also
heterogeneity due to various cells andtissue layers of malignant tumors. There are many
evidences that solid tumors may comprise of subpopulations of cells or tissues that is
called intra-tumoral heterogeneity. In recent years, the number of studies to identify
heterogeneity increased. Intra-tumoral heterogeneity was shown by different research
groups [306], [307], [308]. Genomic heterogeneity of renal cell carcinoma has been
recently documented as biomarker interpretation by Gerlinger et al. [180]. Additionally,
Kreso et al. investigated the perspective of intra-tumoral heterogeneity in colorectal

cancer [309].

Cancer heterogeneity may have profound implications for therapy. On the other hand,
diagnosis of cancer is affected badly due to heterogeneity. We know that early diagnosis
is vital for cancer patients. The identification of tumor heterogeneity can be useful to
overcome clinical challenges partly [310]. For all reasons, a systematic approach to the
intra-tumoral heterogeneity or genetic heterogeneity in cancer is required. We can
achieve that via using bioinformatic applications. In this study, we tried to understand
intra-tumoral heterogeneity through a computational approach because of an easy,

dynamic, comprehensive and certain system.
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Second main part of the thesis study focused on trying to identify the heterogeneity of
various solid tumors. For this purpose, we used our approach to assign tissue specificity
published DEG lists for different cancers, firstly. After initial exploration and analyses of
DEG, we deflected the study into the cancer expression data for a lot of patients with

various tumors.

DEG for various cancers and tissue-specific genes were intersected to unveil potential
biomarkers for tumors specifically and describing intra-tumoral heterogeneity for each
cancer type. As a result, the number of overlapping genes were found to be quite small,
suggesting that DEG in a particular cancer are not specific to its tissue. Differentially
expressed genes can be up regulated or down regulated in a particular cancer type. For
this reason, number of overlapping genes can be small because tissue specific genes
have restrictedly higher expression in related healthy tissue. These intersected gene
groups are important for the targeted treatment of solid tumors, especially. In addition,
this small number of genes can be used as biomarkers for early diagnosis because these
intersected genes are specific to related tissue and their expressions are up regulated or
down regulated in the cancer which is originated from the same tissue. This situation
can be appropriate to enhance specific diagnostic method for cancer patients. When we
analyzed results, we noticed that many genes differentially expressed in a cancer type
might contain genes specific to other tissues. These results can suggest that cancerous
tissue samples might be heterogeneous and cancer network might have complex
interplay with tissue-specific gene expression. On the other hand, tissue-specific genes
may provide insight about tumor heterogeneity, malignancy and metastasis to other

tissues.

After all analyses with tissue-specific genes and DEG for each cancer type, some gene
groups were compiled. These overlapping genes are only differentially expressed for
related cancer and only specific genes for related tissue. Number of genes in each group

was presented in Table 7.5.
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Table 7.5 Number of genes in each group after analyses
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According to Table 7.5, the intersection of two main groups is low, it is a good result
because these genes can be used for both targeted therapeutics or biomarkers for
diagnosis. Their functions and roles in molecular mechanisms are very significant.
Thereby, their functional annotations were carried out inthe context of this thesis study.
Some cancers with smaller number of intersected genes do not give certain and
meaningful results. They should be investigated more extensively in further studies.
Rectum cancer, lung adenocarcinoma and chromophobe adenocarcinoma could not be
considered comprehensively because of their smaller number of overlapping genes. If
we want to examine intersected genes for functional annotation we can use DAVID
functional annotation tool. We investigate related disease, GO terms and pathways for
intersected genes in order to understand their roles and functions in the molecular

mechanisms of cancer.
As a result,

e Obtaining uterus cancer DEG after intersection, some GO terms about biological
processes was examined and determined according to Benjamini-Hochberg
score. Terms seem to be related to reproductive system such as uterus
development, embryonic skeletal system development, adrenal gland
development. Moreover, genes have been confirmed to be uterine specific using
Uniprot data.

e Obtaining pancreas cancer DEG after intersection, similarity of result was
confirmed after comparison with Uniprot depends on specific expression in
pancreas. Some related pancreatic diseases were observed.

e Obtaining lung cancer DEG after intersection, diseases such as cancer, infections
and immune system related diseases were identified. GO terms as biological
processes: immune response, chemotaxis, respiratory gaseous change,
chemokine-mediated signaled pathways, inflammatory response and leukocyte
migration, as cell component: cell surface, lamellar body, integral component of
plasma membrane, clathrin-coated endocytic vesicle, collagen trimer, as
molecular pathway: carbohydrate binding was shown. Genes are related to
tuberculosis pathway. Moreover, genes are specifically expressed in lung

according to Uniprot.
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e Obtaining kidney cancer DEG after intersection, genes are concentrated in renal
diseases, and also related to certainly excretion, sodium ion transport, ion
transmembrane transport, calcium ion homeostasis, phosphate ion transport,
urate metabolic process, sodium-dependent phosphate transport, anion
transmembrane transport and other ion transportations as biological processes;
apical plasma membrane, extracellular exosome, vacuolar proton-transporting
V-type ATPase complex as cellular component; anion:anion antiporter activity,
inorganic anion exchanger activity, sodium:phosphate symporter activity,
hydrogen ion transmembrane transporter activity as molecular functions. They
are associated with metabolic pathways according to KEGG database for
pathways. The genes are completely concentrated in the kidney according to
Uniprot.

e Obtaining esophagus cancer DEG after intersection, they are associated certainly
with sarcoplasmic reticulum membrane and keratin filament as cellular
components. The genes are related to tongue and esophagus according to
Uniprot.

e Obtaining prostate cancer DEG after intersection, genes were found to be
related to skeletal muscle and prostate. No certain targets could be observed for
prostate cancer.

e Obtaining liver cancer DEG after intersection, cancer, HIV infection were shown.
High-density lipoprotein particle, organelle membrane and collagen trimer as
molecular components, metabolic pathways were found to be in relation with
corresponding intersected genes. The genes are completely concentrated in the
liver according to Uniprot.

e Obtaining breast cancer DEG after intersection, lipid metabolic process, uterus
development, regulation of apoptotic process as biological processes was

examined. Intersected genes could not be shown as targets.

Results are meaningful in some cancers but not significantin others in the context of
functional annotation of intersected genes. On the other hand, all intersected genes are

not strictly target, they are worth examining of their functions in the body.
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In this thesis study, genes and related miRNAs were used to generate networks.
Intersected genes can be used as markers in cancer diagnosis if they have certain
function. The miRNAs related to these genes are also very important in this respect.
Unfortunately, a specific miRNA which regulate the related genes has not been
observed. Obtained miRNAs are associated with various cancer types and other

diseases.

After examination and identification of functional properties of intersected genes, only
DEGs not overlapping with tissue specific genes were analyzed to see whether it is
specific to other tissues or not. This approach can give us insight about intra-tumoral
heterogeneity. After examination of only DEG excluding intersected genes, we notice
that genes are specific to other tissues. Figure 7.14 illustrates our findings using liver

cancer as example.
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Figure 7.14 lllustration of number of tissue specific genes excluding healthy liver tissue
in a single liver tumor

In liver cancer example illustrated in Figure 7.14, 384 differentially expressed genes are
up or down regulated in cancerous liver tissue obtaining from liver cancer patients via
RNA-sequencing experiments. When two groups of genes are intersected, it is shown
that 353 DEG are not specific to liver, however they have altered expression in liver

cancer patients. If we examine these genes in the context of specificity to other tissues,
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we showed that these genes can be specific to other irrelevant tissues. Number of
specific genes in brain and testis is higher than others. This heterogeneous nature of
liver cancer is also observed in other cancer types. So non-overlapping differentially
expressed genes in other 16 different cancer types which were examined in this thesis
study have similar behaviors with liver cancer in the context of specifically expressed
genes in unrelated healthy tissues. It is quite puzzling that all cancers have the same
distribution among other tissues which might indicate calculation or conceptual
shortcomings in our methods Furthermore, brain and testis have large number of tissue-
specific genes in almost all cancer DEG. Figure 7.14 clearly demonstrates this
phenomenon in liver cancer as an example. However, we know that differentially
expressed genes can be up regulated or down regulated in a single cancer. A down
regulated DEG in liver cancer, for example, may have specifically higher expression in
another tissue/organ type. It is natural condition and also it cannot demonstrate
tumoral heterogeneity. For this reason, DEG analyses associated with tissue-specific
genes are not enough to discuss and explain intra-tumoral heterogeneity and cancer cell
mechanisms in a high accuracy. In order to understand the tumoral heterogeneity in the
context of tissue-specific genes up regulated or restrictedly higher expression of genes
in various cancer types must be examined. Hence, gene expression data for cancer
patients was downloaded from TCGA and used for interpretation of intra-tumoral

heterogeneity.

7.3 Evaluation of Intra-Tumoral Heterogeneity Results in Context of Gene

Expression of Cancer Patients

Gene expression profiling has facilitated various aspects in cancer such as defining
prognosis, stage, biomarkers and targeted treatment, etc. Although almost all the
genetic variability and mutations of cancers has been identified for decades, gene
expression profiling has a huge importance in recent years to demonstrate the
heterogeneity on the genomic level in various cancer [311]. This is why describing intra-
tumoral heterogeneity is essential for an effective therapy and increasing cancer
patients’ life quality. Computerized algorithms can be designed in order to identify
features of tumor microenvironments in terms of intra-tumoral heterogeneity using

gene expression in cancer and specifically expressed genes in tissues effectively.
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Gene expressionin a single cancer for a lot of patients can give important signatures for
tumoral heterogeneity among patients and in the body of a patient. This approach also
provides a good perspective on tumor microenvironment and cancer cell behaviors.
Validated specificity of gene expression can be meaningful for heterogeneity and cancer
cell behaviors in terms of diagnosis, prognosis or effective therapy. In this Section, the
results of analysis done with the expression data of various cancers downloaded from

TCGA portal were integrated with our tissue-specificity results.

Heterogeneity in tumors was explained in Section 4.6 and discussed in Section 7.2.
Tumor microenvironment is a term which is closely associated with heterogeneity
because different cells which have various molecular functions in the body can migrate
to the cancerous tissue to contact or support tumor stroma. Tumor microenvironment
is composed of non-cancer cells and their stroma. Although, these cells are not cancer
cells, they form the tumor stroma in the corresponding cancer tissue. This structure has
been implicated in the regulation of cancer cell growth with the secretion of some
molecules. Tumor stroma consists of various cell types including angiogenic vascular
cells (endothelial cells and pericytes), fibroblasts, smooth muscle cells (a-smooth muscle
actin (a-SMA) myofibroblasts), glial, epithelial, adipocytes and immune cells like
neutrophils, macrophages, T-cells, B-cells, dendritic cells, lymphocytes and
mesenchymal stem cells [301], [312], [313], [314]. Extracellular matrix (ECM) and
secreted molecules support to the tumor stroma. These cells migrate to the cancer
tissue and cause formation a heterogeneous structure at site. While none of these cells
are themselves malignant, they gain an abnormal phenotype and can lose their
functions related with their origin after a while due to their interactions with eachother,
and directly or indirectly with the cancer cells [312]. Migrated cells from other parts of
the body support tumor stroma by the secretion of some molecules. Their secretions
are relevant to tissues or organs of their origin. Hence, healthy tissue-specific gene
expression can be used to explain role of cells in tumor microenvironment and tumoral
heterogeneity. For example, T cells originated from bone marrow with important roles
as increasing tumor prognosis are included in tumor microenvironment [313].
Therefore, bone marrow specific gene expression can be seen in various cancer gene

expression since a sample from tumor for gene profiling is a bulk tissue consisting of
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tumor cells and their microenvironment. Other cell types are likely to be found which
are in tumor stroma due to intra-tumoral heterogeneity. As a result, this interesting
situation can easily be explained with an example like colorectal cancer. In colorectal
cancer, there can be seen bone marrow specific-genes during the examination of
colorectal cancer gene expression profile because we know that T-cells are located in
colorectal cancer microenvironment and they cause also intra-tumoral heterogeneity
[315]. In this thesis study, tissue-specific genes and cancer gene expression were

associated to reveal this situation in different types of cancer.

There are 11 different cancer types in this study downloaded from TCGA portal. They
are primary solid tumors including liver, breast, lung, colon, esophagus, kidney,
pancreas, thyroid cancer and more. Primary tumor samples were preferred in this study.
If we use secondary tumor samples, they can contain other cell types originated from
primary tumor tissue. When primary tumor cells migrate the other parts of body and
colonize there, secondary tumor occurs as mentioned Section 4.7. Metastatic cancer
cells have features similar to primary tumor cells because of the expression of proteins
characteristic to the cell type from which it arose. So, after migration to the secondary
side of the body, these cells can show their specific functions in the secondary tumor. In
this way, medical doctor can determine origin of asecondary tumor. On the other hand,
for instance, liver cancer expresses some of but not all the proteins characteristic of
normal healthy liver cells and after a while, they may ultimately evolve to a state in
which they lack most liver-specific functions [316]. Behaviors of metastatic cancer cells
are different compared to cancer cellin a primary tumor because they have colonization
potential in other tissues or organs in the body. This is possible with genetic and
epigenetic alterations in these metastatic cells [317]. They can cause genetic
heterogeneity in secondary tumor except other supportive cells in tumor
microenvironment. Moreover, association of tissues or organs in specific gene levels can
give important clues about metastasis. For instance, colorectal cancer and stomach
cancer can easily metastasize to liver tissue in advanced stage [318]. If we know
connection of tissues using specific-genes we can predict the tissues to which cancer will
metastasize. This is another invaluable phenomenon of heterogeneity. However, the

main purpose of our study is to investigate intra-tumoral heterogeneity in a single

159



cancerous tissue caused by stromal microenvironment. To achieve this goal, tissue-
specific genes for various healthy tissues/organs and cancer gene expression data were
merged to examine the heterogeneity. Some criteria have been set for this objective.
When we analyzed a cancer type in itself, even if a gene is specifically and restrictedly
expressed in a tissue (expression percentage is higher than 95% of all heathy tissue
sample), it was shown that gene has high expression level in another unrelated
cancerous tissue passing the specified criteria in Section 6.5. Moreover, the expression
of corresponding gene in normal sample of cancer patients is very low (lower than 1/10
of tissue that is specifically expressed). After analyses and calculations of significant
genes within the context of the above criteria, specifically expressed genes in unrelated
cancerous tissue and their numbers were shown in order to recognize them easily.
Figure 7.15 summarizes all findings in a comprehensive manner to demonstrate that
tissues from which specifically expressed genes are detected in selected cancer data.
These important genes specifically expressed in various tissue types but also has
significantly high expression in other irrelevant cancerous tissues. Although, this is an
unusual suspect, it can help to reveal new information about intra-tumoral

heterogeneity and cancer cell genetic mechanisms.
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Distribution of tissue-specific genes in various cancers excluding primary tumor tissue

o
@
=
g Bladder Urothelial Carcinoma [BLCA]
=
o 301
c
f 20-
. L
C 474
3.13_ L b'. .. t.ii....it.t.t.
o number
E Breastinvasive carcinoma [BRCA]
o
304 ...
2 20
5] o8 ® o P
Eﬂ'.' 'ano . & " 'oan.ai.. ..tt # & @ 1':'
=}
= Colon adenocarcinoma [COAD] |
o
@ 30
=1
@ 201
S 101
EG_I-.I i.lll..’l l-. .I..' .'I-l-l.
i : — -
£ Q%ﬁ@;ﬁsﬁgﬁ@ﬁb &“t Q@éi@_bb&@%@%’f;@%w EF *an ébﬂ\?;\‘g
s S g} ST AT
e &0 > ,gi? G 8 g {w
& & i éﬁ 5 @ ol > 'G
LA ) Q‘@ »‘a‘a\ P é°§,§5‘
&
o &
B
=
&
o Esophageal carcinoma [ESCA] |
o
£ 30+
B 204
a 101 ¢ ¢ [ ]
o
ﬂ D_ - - L) - - - . ' - . . - - * - I'Il.ll'l'lber
E Kidney renal clear cell carcinoma [KIRC] 15
o 301
"u'_l" 204 . 10
@ .
513_1.1. [ ] . "'TELE X BN L 5
o
E Kidney renal papillary cell carcinoma [KIRP]
0
] 301
£ 20+
w
?13:1‘?‘.“? o @ ¢ s .e000 .o O, ,
@ T A & B
g2 O $ S SE S q:f"' é“cxé*a? é"é" Al FR IO
E .3 o & & :'p E; »:- g Lol e
PO *‘% S5 (9 8 &
& \ & w
FE Fe ? & ,;}* £ 8
& &
;?-5“

Other tissues excluding the cancerous tissue

161



Distnbution of tissue-specific genes invarous cancers excluding primary tumor tissue

i
5 . .
E Liver hepatocellular carcinoma [LIHC] l
E‘-3D'
o 20 ®
c 4
8_13_0“10i .. . ® + B 88 ..
@ number
E Lung adenocarcinoma [LUAD] l 30
3]
304 .
2 20 ® 20
2 101
s ],e® _® e, e O,,0 00 o | A
o 0 10
£ Pancreatic adenocarcinoma [PAAD] |
o
& 30
@ 204
=] 10
53.* ‘o.,_ . e ..
3 :
E 2 &—'* I 3 of
Eg&’iﬁéﬁ. :§§é:@ \S\h éqng@‘}éé ’&Ebéb‘ﬁébﬁ%@é\ éb@ﬁti“é‘
@ ,ﬁ \0 &.:- oF
FE @?Q e‘ﬁ? -ﬁ? @ ﬁx%r%a 4@"
& &

& &
o
E
.g‘i_n Thiyroid carcinoma [THCA] |
£ 307
a
c
320-
@ 4p- num?grn
= L
8 |.o..0 .%o . 9, .. ®
g 0° 75
o Uterine Corpus Endometrial Carcinoma [UCEC] | -
& .
?EID' 25
'“g:m-
2 101
= . @ ....li'....'... ..
g o

&
E gbrﬁc" & {@qg‘a, 5‘4’\\““’" é"’é" f?é"é‘:’ﬁ‘z@‘% Q’a}f@gc a&é‘b@a &
Zég ad\ ‘%é? ,5'55 Q"_‘p&@r S .:}- v-3
£ P & TS
: &

Other tissues excluding the cancerous tissue

Figure 7.15 Distribution of tissue-specific genes in various cancer types excluding
primary tumor tissue

Figure 7.15 shows an interesting table of intra-tumoral heterogeneity in the context of
tissue-specific genes. Genes can specifically have expressed in a variety of tissue types
excluding related tumorous tissue according to Figure 7.15. Color gradient indicates

number of tissue-specific genes.
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This illustration presents a very interesting landscape about gene expression in cancer
tissues. To give an example, Bladder Urothelial Carcinoma (BLCA), the first cancer type
in Figure 7.15, have gene expression which are specifically expressed in other types of
tissue instead of urinary bladder. Number of liver specific, placenta specific, salivary
gland and skeletal muscle specific genes have higher number in bladder urothelial
carcinoma. If we examine all the cancer types in Figure 7.15, specific genes of liver,
testis, bone marrow, salivary gland, brain and muscle have higher number of gene
expression than other tissues inunrelated cancer tissue. There may be two main reasons
which are likely to produce this unexpected outcome. First one is the intra-tumoral
heterogeneity in primary tumors due to different cell types in its microenvironment. The
second one is complicated mechanisms of cancer cells and their genetic instability
leading to activation of genes which are normally expressed in that tissue prior to
cancer. Another possible reason can be tissue contamination during the biopsy process
from patients for tissues close to each other such as liver and pancreas or lung and
esophagus, but itis less effective than other two main explanations. We wondered why
specific genes to above tissues are observed in various cancers. Bone marrow and
muscle specific genes may be due to cells in the microenvironment of tumor. Cancer
cells are antigenic and they can be recognized by host T cells. CD8+ T cells within both
tumor and pretumoral stroma have significant positive prognostic effects. Colorectal
cancer [315], breast cancer [319], renal cell carcinoma [320], ovarian cancer [321] and
lung tumors [322] have been shown to harbor T-cell infiltration. Immunoregulatory
properties of dendritic cells in the tumor microenvironment have been suggested in the
inhibitory direction of tumor. Lymphocytes in some cases contribute to the support of
tumor growth. Macrophages and other myeloid cells are universally found in the solid
tumor microenvironment [313]. It is important to consider that the accumulation of
bone marrow and muscle originated cells in the tumor microenvironment could be a
secondary phenomenon, reflecting a distinct underlying tumor biology. Bone marrow
originated cells can have tissue specific gene expression in tumors according to our
results. Literature supports this perceptive in terms of tumoral-heterogeneity due to
complex microenvironment of tumors. The identification of such genes might be

significant improvement for effective immunotherapy.
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Otherwise, testis specific genes are shown in a large number and in more cancer types
like breast, liver, lung, kidney and uterine cancer, interestingly. The literature shows that
there is a group of genes expressed in normal testis restrictedly and have capacity to
elicitimmune response when expressedin tumor cell that are called cancer/testis genes.
Some testis specific genes are mainly expressed in a variety by tumor types such as in
lung, ovarian, bladder, breast tumors [323], [324] . This can be verified the our results in
Figure 7.15 in the context of testis specific genes. However, testis/cancer genes are not
associated with tumor microenvironment features because testis cell do not migrate to
the tumor stroma. This is a genetic alteration related with cancer cell genetic
mechanisms. Few authors have suggested that these testis specific genes should be
considered as cancer-germline genes instead of cancer/testis genes, as they can also be
presented in ovary and placenta [323], [324], [325]. According to da Silva et al. [324],
FAM290A, MARCH10, GSTF1, TEX19, HORMAD1, C50RF58 are cancer/testis genes. The
same genes are demonstrated in our calculations performed in cancer expression data
and testis specific genes. This is an important result of our this study because these
genes can be targeted for breast cancer, liver cancer and kidney cancer according to our
study. In Figure 7.15 testis gene counts high in almost all cancer types excluding
pancreatic cancer. In the research of da Silva et al., they showed that bladder, breast,
colon, kidney renal clear cell, lung adenocarcinoma and uterine corpus endometrial
carcinoma have cancer/testis genes similar to results shown in Figure 7.15. Our results
are in such good agreement with da Silva findings that they did not show pancreatic
cancer has cancer/testis genes and so. Figure 7.15 shows no testis specific genes in
pancreatic cancer. Besides, other studies suggested that PIWIL2, MAGEB4, BRDT and
MAEL [326] are cancer testis antigens for bladder cancer, they also are detected in our
study. LEM Domain 1 (LEMD1) was characterized as cancer/testis gene for colorectal
cancer [327], similarly we find out this gene is testis specific according to four RNA-seq
data used in the thesis study, and it is restrictedly expressed in colon cancer based on
TCGA data. It was seenin colon cancer in this study, thus it can be used as an effective
diagnostic marker. Placenta specific genes can also be evaluated and investigated in
detail for breast, bladder, lung and thyroid cancers in detail, like cancer/testis genes.
Findings in literature and our study suggests that specifically expressed genes in

placenta which are expressed in tumor cells are excellent candidates for biomarkers and

164



targeted therapy. As a conclusion, each gene detected in Figure 7.15 must be
comprehensively investigated in future studies because they can be specific targets for
a single solid tumor, associated with cancer cell mechanisms which renders them

valuable candidates in cancer research.

Above, one of the tissues, testis, which had high number of tissue-specific genes was
subject to a detailed analysis. Now, the other tissue, brain, will be analyzed in detail. A
microarray-based data to calculate tissue selective genes and overlapping genes with
various cancer types was conducted [328], and it showed that brain specific genes were
shown in endometrium, kidney, liver, lung, prostate thyroid and colon cancer. Their
findings is in agreement with Figure 7.15, which shows a number of brain specific genes
in various cancers. Besides, several evidences point out to the possibility of the
formation of new nerve endings inside the tumors as microenvironment feature. Nerve
endings within the tumors have been expressed in bladder, prostate, breast, pancreas
and colon cancer in a review [329]. The role of the nerve fibers in the tumors can be
possible by the migration of the perineural invading cells. However, new research has
suggested that the nervous system is functionally relevant with tumor progression,
modulating a complex network of mediators because of aninteraction between nervous
system and cancer cells. By the way, cancer cells are also shown to secrete the
neurogenic factors [329], [330]. As a result, the appearance of brain specific genes in
various tumors in Figure 7.15 can be originated from two fundamental reasons. These
are; migration of neuronal cells to tumor microenvironment causing tumoral
heterogeneity or secretion of neurologic moleculs by tumor cells due to complicated

tumor cell behaviors stimulated by nervous system.

Liver specific genes were also found to have overlapped expression in all cancers which
were examined in another study [328] gave comparable results with our study. All
cancer types have higher gene expression which are specificto normal liver tissue in this
study. Liver plays significant roles in metabolic pathways related to all human body
including lipid metabolism, oxidation-reduction process, complement activation [331].
Cancer cell metabolic activity is faster than normal; thus, liver specificgenes can be seen
in tumor sample due to the complex mechanism of cancer cells and diverse and

extensive microenvironment of tumors. As additional information, primary liver cancer
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has intrahepatic metastases, lymph node, bone, lung and distant organ metastasis,
moreover, the intra-tumor heterogeneity is higher in hepatocellular carcinomas [206],

[207], [208], [209].

After some bioinformatic analyses and statistical calculations we determined genes
which are highly expressed high level in various cancers and specific to another tissue,
which can be explained by tumoral heterogeneity or cancer cell mechanisms. Cellular
and molecular components of tumor microenvironment may vary depending on tumor
type and location and thus renders each tumor unique [314]. For this reason, each tumor
and calculated genes for tumor must be considered and deal with individually. These
genes, as a table in Appendix-B, are very important for that cancer research and they
must be investigated by bioinformatic analysis and validated in laboratory in further

studies.

We can suggest that there are two main phenomena. The first one is tumoral
heterogeneity and tumor microenvironment and the second one is cancer cell
mechanisms. To approach the problem from a different angle, we integrated miRNA
data since miRNAs control the gene expression. For this purpose, we examine related
miRNAs and their networks with the calculated genes. For breast cancer, selected tissue
specific genes excluding breast tissue after all calculation and their associated miRNAs
were demonstrated as networks. Like breast cancer, some other networks are shown as

follows:
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Figure 7.16 miRNAs and targeted genes as a network for selected cancer types
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According to miRNA networks in Figure 7.16, mir335-5p, mir-1-3p, and miR-181 are
related to almost all cancer types. These miRNAs are present in the networks of
pancreas, colorectal, chronic lymphocytic leukemia, papillary thyroid carcinoma, lung
cancer, breast cancer, multiple myeloma, ovarian cancer and uterine cancer [330], [332],
[333], [334]. We understood that observed miRNAs are general for cancer mechanisms.
Hence, they did not show crucial and specific signatures about tumor heterogeneity or

cancer cell mechanisms.

After all, selected genes were examined in detail with their functions, related GO terms
especially, biological processes, and enrichment analysis were performed for these

genes.

Three genes expressed highly in nine different cancers are specific to muscle, bone
marrow and salivary gland. These are troponin T1 slow skeletal type (TNNT1), bone
gamma-carboxyglutamate protein (BGLAP) and cystatin SN (CST1) according to tissue
specificity, respectively. Extracellular matrix can be supported with them according to
GeneCards data, and they can be important for tumor microenvironment. Eight genes
expressed strictly in seven or eight cancer types are specificto salivarygland, liver, heart
and pancreas in general. Matrix metalloproteinase (MMP13) is one of them and itis very
important for tumor stroma because matrix metalloproteinase family is produced by
fibroblast or tumor associated fibroblastin tumor microenvironment and MMP-13 was
identified as a common up-regulated gene by cancer invasion-related factors [312],
[335]. Other genes are generally associated with catabolic metabolism, energy
metabolism (negative regulation of ATPase activity) and tissue homeostasis according
to GeneCards and enrichment analysis results. Cancer cells can change gene expression
to protect themselves and increase migration and invasion capacity. We know that
cancer cells have genetic instability. Additionally, there is an effective consensus on the
EMTAB data on whether the genes mentioned are specific to tissue or not. 50 genes
were shown to be specific to three to five different cancers are specific to muscle, lung,
brain, testis, liver and more are enriched different functions like muscle filament sliding,
skeletal muscle contraction, multicellular organismal movement, actin-filament based
movement and respiratory gaseous exchange. These genes can be related to invasive

mechanisms of cancer cells. In addition to all, some genes are specific to a tissue but

168



expressed in another irrelevant one or two cancerous tissues. As stated before LEMD1,
a cancer/testis antigen, is expressed significantly in colon cancer but it is specific to
testis.There are more genes showing similar pattern in our study. Dickkopf like
acrosomal protein 1(DKKL1) and membrane associated ring-CH-type finger 10
(MARCH10) are testis specific genes,but they are expressed in breast cancer. Moreover,
fetal and adult testis expressed 1 (FATE1) and schlafen like 1 (SLFNL1) are specific to
testis but they are expressed in kidney cancer subtypes significantly. Such genes have
potential to be biomarkers for effective diagnosis and thus require detailed examination
and validation. This further analysis can be performed for all selected genes in the

context of this thesis study. They can provide a novel perspective to cancer research.

In the context of thesis study, we select six genes from all selected genes to illustrate

their expressionin 11 different cancers.
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Figure 7.17 Significantly expressed genes in a particular cancer tissue despite being
significant to irrelevant tissue
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In the Figure 7.17, there are six genes selected from all results are plotted for clarity. NT
is normal tissue sample, TP is primary tumor sample and TP50 is expression of primary
tumor for genes with expression level is higher than 50 in least 20 patients. T-test was
performed with each pair of groups, NT-TP and NT-TP50 to find out significantdifference
from each other for all cancer types. Box plots filled with dark grey indicate significant
TP50 expression level for that gene is given cancer. For instance, in Figure 7.17 troponin
13, cardiac type (ENSG00000129991, TNNI3) is found to be specifically expressedinheart
with high consensus of expression data. It has important functions that are
vasculogenesis and skeletal and smooth muscle contraction and more. Vasculogenesis
is very important formation for migration and angiogenesis of malignant cancer cells
from primary tumor tissue to seconder part of the body. Since, angiogenesis is a
common feature in solid tumor, it’s not surprising to find heart specific gene expression
responsible for angiogenesis to be present in eight cancers because of genetic
transformation of cancer cells towards angiogenesis process. On the other hand, tumor
microenvironment has endothelial cells to support angiogenesis. Heart specific genes
can be seen in various cancers due to endothelial cells towards the tumor
microenvironment. Thus, our findings suggest that this gene may be an interesting

signature of intra-tumoral heterogeneity.

Surfactant protein D (ENSG00000133661, SFTPD) is a specific gene to lung with perfect
consensus, i.e.,all RNA-Seq data confirm its specificity. SFTPD has meaningful expression
in four cancer types according to Figure 7.17. It has significant functions in terms of intra -
tumoral heterogeneity like regulation of cytokine production and negative regulation of
T cell proliferation. Cytokines are released from stromal cells in tumor
microenvironment. Stromal cells migrate other side of the body to support cancer cells

to secrete important molecules like cytokines for a strong stroma.

FATE1 (ENSG00000147378) is a testis specific gene with perfect consensus according to
EMTAB data. It has important expression in only renal clear cell carcinoma, it may be an
essential biomarker for diagnosis and also targeted treatments and hence needs further

analysis and validation.

Methionine adenosyl transferase 1A (ENSG00000151224, MAT1A) is a liver specific

gene, with high consensus of EMTAB data, related to metabolic processes is expressed
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restrictedly in eight different cancer types. Because of the relation with metabolic
processes, this gene can be expressed cancer cells in corresponding cancer types. In

short, MAT1A may be associated with complicated cancer cell mechanism.

Keratin 6C (ENSG00000170465, KRT6C), specifically expressedin esophagus, is shown to
be expressed in four cancers. Its fundamental function is intermediate filament

cytoskeleton organization which is related to structure of tumor microenvironment.

The last gene is ELAV like RNA binding protein 3 (ENSG00000196361, ELAVL3) is a brain
specific gene. It is expressed only in breast cancer significantly. Its functions are
associated with nervous system development and cell differentiation. Neural cells can
migrate the tumor microenvironment to support and generate nerve endings in tumor
microenvironment according to literature as mentioned before. This phenomenon can
demonstrate intra-tumoral heterogeneity due to cell migration. Otherwise, cancer cell
can interact with the neural cells to produce nerve endings alone according to other
researches as stated before. It is proved of comprehensive and complex behaviors of

cancer cells.

All selected genes which passing important criteria after combination of two different
data (gene expression in cancer and healthy tissue samples) to investigate tumoral
heterogeneity are discussed separately. Some of the selected genes are associated with
intra-tumoral heterogeneity and asloimportant properties of tumor stroma. Others are

associated with complicated and instable genetic mechanisms of cancer cells.

7.4 Conclusion

In this thesis study, tissue-specific genes were determined comprehensively in order to
understand tumoral heterogeneity and complex mechanisms of cancer cells in various
solid tumors. Newly improved calculational method was described as extended tau for
tissue specificity. Results demonstrate that there are some significant genes to
understand tumoral heterogeneity and some of them are associated with cancer cells
genetic instability and gene alteration of different cancer cells. These genes should be
investigated in computationally using bioinformatic analysis and also validated

experimentally to give a new perspective to cancer research.
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Intra-tumoral heterogeneity can easily be associated with tissue-specificgenes. There is
general lack of research about intra-tumoral heterogeneity because researches have
executed, recently. For this reason, there should be studies focusing on cancer
heterogeneity to contribute both medical researches and human life. We generate a
new dynamic, effective, rigorous and powerful computational approaches to be easily
integrated with the experimental processes, so that less time is consumed and by
consequently more validations are performed. However, these analyzes should be
repeated with more datasets and also with other data types like microarray. This study
is important to provide new knowledge and perspective to literature. Because, tissue
specific genes were identified with great care based on extended tau method. These
results can be used in various objectives and diseases. After that intra-tumoral
heterogeneity was tried to be explained for various tumors and discussed, functional
properties of selected genes were investigated to provide new insightabout better early
diagnosis and effective targeted therapy for various cancers. As a new bioinformatic
application, this thesis study has been put forward to increase the life quality of cancer
patients and survival, to decrease medical problems. Additionally, determined tissue-
specific genes and heterogeneity approaches can be used other fatal diseases in human

life.
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APPENDIX-A

CALCULATION OF STATISTICAL DATA

In this study, determination of tissue-specific genes was carried out combination of two
powerful applications. The first one is a robust specificity index, tau score, the second
one is statistically significantly interval estimation as a rigorous procedure. To calculate
statistical distance for each dataset optimized threshold is a certain necessity. For this
reason, threshold values were calculated, and they are shown for each tissue sample in

eachdataset in Table A.1, Table A.2, Table A.3, Table A.4 and Table A.5, respectively.
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Table A.1 Threshold ratios for EMTAB-1733
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Table A.2 Threshold ratios for EMTAB-2836
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Table A.3 Threshold ratios for EMTAB-5214
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Table A.3 Threshold ratios for EMTAB-5214 (cont’d)
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Table A.4 Threshold ratios for EMTAB-3358
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Table A.4 Threshold ratios for EMTAB-3358 (cont’d)
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Table A.5 Threshold ratios for EMTAB-4344
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R programming language and its very useful packages are used all analysis of thesis.
Besides, all graphs are generated using R. There is an example of generating a network

(Figure 7.8) Firstly, data were prepared:

all_geneTissuePair <-read.csv("all_geneTissuePair.csv", stringsAsFactors = FALSE)
all_geneTissuePair<-tbl_df(all_geneTissuePair)
includedList1733 <-read.csv("includedList1733.csv", stringsAsFactors = FALSE)
includedList2836 <-read.csv("includedList2836.csv", stringsAsFactors = FALSE)
includedList5214 <-read.csv("includedList5214.csv", stringsAsFactors = FALSE)
includedList4344 <-read.csv("includedList4344.csv", stringsAsFactors = FALSE)
includedList3358 <-read.csv("includedList3358.csv", stringsAsFactors = FALSE)
includedList1733<-tbl_df(includedList1733)
includedList2836<-tbl_df(includedList2836)
includedList5214<-tbl_df(includedList5214)
includedList4344<-tbl_df(includedList4344)
includedList3358<-thl_df(includedList3358)
includedList1733 <- mutate(includedList1733, Ensembl.Gene.ID=EnsemblGenelD)
joined <- includedList1733 %>%

select(Ensembl.Gene.ID,Tau.Score) %>%

full_join( select(includedList2836, Ensembl.Gene.ID,Tau.Score), by="Ensembl.Gene.ID
", suffix=c(".1733",".2836")) %>% full_join( select(includedList5214, Ensembl.Gene.ID,T
au.Score), by="Ensembl.Gene.ID") %>% full_join( select(includedList4344, Ensembl.Ge
ne.ID,Tau.Score), by="Ensembl.Gene.ID",suffix=c(".5214",".4344")) %>%full_join( selec
t(includedList3358, Ensembl.Gene.ID,Tau.Score), by="Ensembl.Gene.ID") %>% rename

(Tau.Score.3358 = Tau.Score)

This part prepares data to be used by tidygraph and ggraph. First, joined data frame,

which is wide and full of NA's. It is converted into narrow format:

joined_gather <- gather(joined,"sample","tauScore",2:6) %>%

mutate(sample=str_replace(sample,"Tau.Score.","E-MTAB-"))

Now we can join all_geneTissuePair with joined_gather so that we have geneid, tissue,

expressionLevel, sample name and tauScore in one table:
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joined_genepair <- all_geneTissuePair %>%
select(-X) %>%
rename("sample"="file","Ensembl.Gene.ID"="gene") %>%
mutate(sample=substr(sample,1,11)) %>%
mutate(Ensembl.Gene.ID=as.character(Ensembl.Gene.ID)) %>%

left_join(joined_gather)

Preparing a data frame with two columns, from and to, which will be edges of the
network. We tried to use the whole joined_genepair table with changing column names
but it was confused, it created edges between genes and tissues. So, it just kept two
columns (and planning to join the data later). Sampling 4000 interactions only, since

19000 is slow to graph.

UPDATE1: the columns does not need to be named from and to. We just kept

Ensembl.Gene.ID and sample columns and it worked. Node name becomes the first

column (Ensembl.Gene.ID)

UPDATE2: Ensembl.Gene.ID, sample, tauScore, tissue columns are expected in this

order, sofirsttwo columns should be the nodes we want to connect:

set.seed(1)
relations <- joined_genepair %>%
select(Ensembl.Gene.ID,sample,tauScore,tissue) %>%

sample_n(4000)

With "graph from data frame" functions (part of igraph library), we can generate igraph

objects first then we convert it into graph tbl (part of tidygraph library):

g <- graph_from_data_frame(relations)

g2 <- as_tbl_graph(g)

Below, we used create_layout to determine X, y coordinates of nodes so that ggraph()
does not need to calculate the layout each time we plot. Thus, run the code below once,
after that next chunk with ggraph will be quicker to run. More info about available layout

algorithms are described in igraph layouts page. Available layouts are:

e il
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e kk: kamada kawai

e fr: fruchterman reingold

e graphopt

o gl

e Dbipartite (didn't work, needs types argument)

e mds

e sugiyama

e gem (this was not listed in igraph page, | found it by typing layout. in console.
extremely slow and didnt finish after long time)

e grid

drl layout gives best result to show genes that are specific in more than one sample.

Next best one is kk layout. sugiyama algoritm reveals bipartite nature of the graph.
layout <- create_layout(g2, layout = 'kk')

Draw the network: By tidygraph we can use dplyr verbs on nodes or edges. We added
two columns for nodes, indicating if the node is sample or gene type. ggraph() colors
sample type nodes with forestgreen (node size is 10) and gene type nodes with firebrick

color with node size being 1.

g2 %>% activate(nodes) %>%
mutate(sample=grepl("MTAB",name) , gene=grepl("ENSG",name)) %>%
ggraph('manual’,node.position=layout) +
geom_edge_link(aes(color=tauScore, alpha=0.2)) +
geom_node_point(aes(filter = gene), colour = 'firebrick’, size = 1) +
geom_node_point(aes(filter = sample), colour = 'forestgreen’, size = 10) +
geom_node_text(aes(filter = sample, label = name), vjust = 0.4) +

theme_graph()

After that, if we run the code we will obtain Figure 7.8.
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APPENDIX-B

GENERATED RESULTS

There are two main objectives in thesis study. First one is generating tissue-specific gene
list via a robust and rigorous computational approach. Second one is investigation of
intra-tumoral heterogeneity. Some of the results produced are given inlong lists below.
Table B.1 shows number of tissue-specific genes in unrelated tissues in particular cancer

differentially expressed genes to gain basic insight about cancer heterogeneity.
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Table B.1 Tissue-specificgenes inirrelevant tissues to a particular cancer in DEG
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Table B.1 Tissue-specificgenes inirrelevant tissues to a particular cancer in DEG

(cont’d)
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Table B.1 Tissue-specificgenes inirrelevant tissues to a particular cancer in DEG

(cont’d)
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Table B.1 Tissue-specificgenes inirrelevant tissues to a particular cancer in DEG

(cont’d)
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Table B.1 Tissue-specificgenes inirrelevant tissues to a particular cancer in DEG

(cont’d)
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Table B.1 Tissue-specificgenes inirrelevant tissues to a particular cancer in DEG

(cont’d)
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We can see the number of specific-genes in each unrelated cancer type showing in

Figure 7.15 based on TCGA data for eleven different solid tumors in Table B.2.

Moreover, Table B.3 indicate selected genes after all criteria.

Table B.2 Tissue-specificgenes inirrelevant tissues to a single cancer type (according

TCGA cancer expression data)
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ing

to a single cancer type accord

issues
TCGA cancer expression data (cont’d)

icgenes inirrelevant ti

Table B.2 Tissue-specif
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Table B.3 Selected genes passing all criteria (after analysis of tissue-specific genes and

TCGA cancer expression data) (cont’d)
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Six different selected genes passing all criteria after integration of tissue-specific genes

and TCGA cancer expression data presented in Figure 7.17 are explainedin Table B.4 for

their related GO terms to understand their function and association with intra-tumoral

heterogeneity and cancer cell mechanisms.

Table B.4 Related GO terms in biological processes for six selected genes
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Table B.4 Related GO terms in biological processes for six selected genes (cont’d)
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Table B.4 Related GO terms in biological processes for six selected genes (cont’d)
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