DEVELOPMENT OF VISUAL ANALYSIS
INTERFACES FOR LARGE BIOLOGICAL DATA
AND CHARACTERIZATION OF
IMMUNOMODULATORY NONCODING RNA
NETWORKS CANCER

A Thesis Submitted to
the Graduate School of Engineering and Sciences of
Izmir Institute of Technology

in Partial Fulfillment of the Requirements for the Degree of

MASTER OF SCIENCE

in Molecular Biology and Genetics

by
Muhammet Emre KUS

July 2023
iZMiR



We approve the thesis of Muhammet Emre KUS

Examining Committee Members:

Prof. Dr. Biinyamin AKGUL

Department of Molecular Biology and Genetics, Izmir Institute of Technology

Asst. Prof. Dr. Hiiseyin Atakan Ekiz

Department of Molecular Biology and Genetics, Izmir Institute of Technology

Asst. Prof. Dr. Melis Kartal Yandim

Department of Basic Medical Sciences, Izmir University of Economics

23 July 2023

Asst. Prof. Dr. Hiiseyin Atakan Ekiz

Department of Molecular Biology and Genetics, Izmir Institute of Technology

Prof. Dr. Ozden Yalcin Ozuysal Prof. Dr. Mehtap EANES
Head of the Department of Molecular Dean of the Graduate School

Biology and Genetics



ACKNOWLEDGMENTS

I would like to sincerely thank my mentor Asst. Prof. Dr. Hiiseyin Atakan Ekiz
for his ceaseless support, guidance and for being a role model as an investigator. | share
my thanks to my family and friends. They have always been there for me and supported
me through the good and bad. I also would like to thank the members of Ekiz Lab for
creating a family outside of the home.

I would like to express my endless gratitude to Prof. Dr. Biinyamin Akgiil, our
faculty dean, and to Assoc. Prof. Dr. Alper Arslanoglu, one of our very valuable
department professors, for always being by my side unconditionally and offering their
support.

I would like to express my sincere gratitude to my thesis defense juries to Prof.
Dr. Biinyamin Akgiil, Asst. Prof. Dr. Melis Kartal Yandim, Asst. Prof. Dr. Atakan Ekiz,
Asst. Prof. Dr. Ayse Banu Demir, and Assoc. Prof. Dr. Alper Arslanoglu.

Many thanks to The Scientific and Technological Research Council of Turkey
(TUBITAK) who supported me with the 2210/A National MSc Scholarship.

I would like to express my biggest thanks to veteran Mustafa Kemal Atatiirk, who
paved the way for us young people to pursue scientific research by establishing the

independent and modern Turkish Republic.



ABSTRACT

DEVELOPMENT OF VISUAL ANALYSIS INTERFACES FOR LARGE
BIOLOGICAL DATA AND CHARACTERIZATION OF
IMMUNOMODULATORY NONCODING RNA NETWORKS CANCER

These days we are collecting data in higher and higher dimensions, processing it,
and developing tools that have strong descriptive and predictive powers. Especially in the
field of cancer, the processing of data collected from patients has substantial potential in
terms of discovering new biomarkers, developing personalized treatment methods, and
better prognosticators. However, there are significant difficulties in utilizing and
analyzing high-dimensional data. A good level of coding skills is required to bring the
data together and apply different analysis methods. With the visual interfaces created in
this study, we offer the opportunity to examine and analyze the high-dimensional data of
thousands of cancer patients, which are open to the public through The Cancer Genome
Atlas initiative, especially for bench scientists who has no prior coding expertise.

The Cancer Genome Explorer, shortly TCGEX, is a robust bioinformatic tool that
we developed to facilitate high-throughput cancer data analysis through several
sophisticated algorithms. With special features like subset-specific analysis and
comparative analysis by using multiple cancer data, TCGEx can contribute to the
literature by accelerating the studies, especially in hypothesis-driven research. This study
also describes a use-case scenario that demonstrates how hypothesis-driven research can
be performed using TCGExplorer for melanoma. In melanoma, elucidating the
interactions between the tumor and the immune system at the miRNA level is crucial for
developing new therapeutics. In this study, we characterize the properties of potential
therapeutic targets that act on tumor and immune cells, which we have identified using
various statistical analysis methods including machine learning, dimensionality

reduction, and survival modeling using the TCGEX portal.



OZET

BUYUK BiYOLOJIK VERILER ICIN GORSEL ANALIZ
ARAYUZLERININ GELISTIRILMESI VE KANSERDE
IMMUNOMODULATOR KODLAMAYAN RNA AGLARININ
KARAKTERIZASYONU

Her gecen giin daha yiiksek boyutlarda veri toplamaya basladigimiz bu giinlerde,
toplanan verileri isleyerek tahmin, siniflandirma ve modelleme saglayan araglara
doniistiirmek gelecek agisindan olduk¢a dnemlidir. Ozellikle kanser alaninda, hastalardan
toplanan verilerin islenmesi, yeni biyobelirteglerin kesfedilmesi, kisisellestirilmis tedavi
yontemlerinin gelistirilmesi ve daha iyi prognostikler agisindan dnemli bir potansiyele
sahiptir. Ancak, yiiksek boyutlu verilerin incelenmesinde ve analiz edilmesinde 6nemli
zorluklar vardir. Verileri bir araya getirmek ve farkli analiz yontemleri uygulamak i¢in
iyi diizeyde kodlama becerisi gerekir. Bu ¢alismada olusturulan goérsel arayiizlerle Kanser
Genom Atlas1 programinin halka agik binlerce kanser hastasina ait yiiksek boyutlu
verileri kodlama bilgisine ihtiyag duymadan analiz edilebilir.

Gelistirdigimiz bir biyoinformatik ara¢ olan The Cancer Genome Explorer, kisaca
TCGEX, bilim insanlarina kapsamli bir arastirma firsat1 sunarak yiiksek verimli kanser
verisi analizlerini kolaylastirirken ayn1 zamanda bu alandaki bilimsel calismlarin hizimi
arttirarak kansere dair olan bilgi birikimimizi arttirma potansiyeli tagir. Kanser alt tiplerini
giiclii bir sekilde analiz edebilme ve c¢oklu kanser verilerini kullanarak karsilastirmali
analizleri miimkiin kilma gibi oOzellikleri ile TCGEx, ozellikle hipotez odakli
arastirmalarda calismalar1 hizlandirarak literatiire katkida bulunabilir. Bu ¢alisma ayrica
melanom i¢in TCGExplorer kullanilarak hipoteze dayali arastirmalarin nasil
yapilabilecegini gosteren bir kullanim senaryosu sunmaktadir. Melanomda, timdr ve
bagisiklik sistemi arasindaki etkilesimlerin miRNA diizeyinde aydinlatilmasi, yeni
terapotiklerin gelistirilmesi i¢in ¢ok onemlidir. Bu calismada, makine 6grenmesi, boyut
azaltma, hayatta kalma ve orantili tehlike modelleme gibi cesitli istatistiksel analiz
yontemlerini kullanarak belirledigimiz tiimoér ve bagisiklik hiicrelerine etki eden

potansiyel terapotik hedeflerin 6zelliklerini TCGEX ile birlikte karakterize ediyoruz.
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CHAPTER 1

INTRODUCTION

1.1 Background of the Study and High-Throughput Data Analysis

Technology has advanced rapidly and steadily, making it feasible to process and
store a large amount of data in many fields. With an increased ability of data, statistically
significant deductions, consistent and accurate predictions can be obtained. Thus,
processing and analyzing high-throughput data has gradually become more and more
crucial. Especially in the context of biomedical sciences, the lowering costs of Next
Generation Sequencing (NGS) led to an explosion in high-throughput data. It has now
become possible to analyze the ever-changing transcriptomes of cells under different
conditions (Z. Wang, Gerstein, and Snyder 2009; Lander et al. 2001) to understand the
underlying biological mechanisms. With RNA-Seq, high-resolution sequencing and
analysis of various RNAs such as Messenger RNA (mRNA) as well as non-coding Micro
RNA (miRNA) and Long Non-Coding RNASs (IncRNA) has become possible. As next-
generation sequencing methods have become increasingly common and usable, the data
created by the results have begun to accumulate. With this accumulation, there is an
increasing need to develop user-friendly analysis interfaces that can facilitate the analysis
of high-dimensional data.

High throughput analysis approaches allow the study of biological systems at the
epigenetic, transcriptomic, and genomic levels, which creates a remarkable ground for
biomedical discoveries. The Cancer Genome Atlas (TCGA), is a sophisticated program
initiated by the National Cancer Institute and the National Human Genome Research
Institute in 2006 and today contains more than 20000 characterized primary cancer
samples in 33 different cancer types. This ascendant cancer genomics program also
includes normal samples that match primary cancer samples that are essential for
comparison. TCGA made available to all users the omics data of thousands of patients in
different cancer types, along with the clinical characteristics of the patients (Weinstein et

al. 2013). Our knowledge about the molecular mechanisms of cancer has gradually



increased with the help of the TCGA data leading to the identification of therapeutic
targets, the development of new treatment approaches and explore new potential
biomarkers (Sanchez-Vega et al. 2018; Peng et al. 2018). The TCGA database provided
the basis for many studies, one of which demonstrated the genomic classification of
melanoma while simultaneously demonstrating gene signatures related to improved
survival. Another study using the TCGA database provided a resource for exploring
immunogenicity among cancer types when identifying immune subtypes including cancer
tissue types and molecular subtypes (Thorsson et al. 2018). Accordingly, further
interpretation and analysis of this data have been gaining great importance which
accounts for the rapid expansion of the literature and thus, these explorations.

An effective analysis of large-scale genomic data is only achievable through
programming because these high-dimensional data are highly challenging to handle and
have too complicated of a structure to be evaluated in basic applications. Although there
are pipelines ready to perform these analyses, it is challenging to perform these operations
for scientists without basic coding, and statistics background. Web-based tools have been
developed over time to accelerate cancer research and to perform these analyses
quickly/effectively. Web-TCGA (Deng et al. 2016), is one of these bioinformatic tools
and facilitates mutation, methylation, expression, and copy number variation (CNV)
analysis. Another tool, UCSC Xena, can perform many functions, from discovering
relationships between genomic and clinical cancer data to comparing normal and cancer
tissue types (Goldman et al. 2020a). With GEPIA 2, it is possible to carry out research
such as gene expression profiling and cancer survival analysis (Tang et al. 2019a). Many
bioinformatics tools such as these have been used in numerous studies, contributing to
the rapid progress of the cancer research field. These tools enabled petabytes of cancer
data to be processed and analyzed, and the results of these analyses to be visualized and
presented understandably. These bioinformatic tools that combine and present several
different analysis methods have increased the usability of this TCGA data. The ability to
effectively and rapidly analyze TCGA data has empowered scientists in their quest to
discover novel treatments for various types of cancer. The development of visual
interfaces for these tools has enabled scientists to obtain analysis results without requiring
coding expertise. The bioinformatic approaches offered by these tools have played a
crucial role in enabling scientists to take proactive measures against cancer. However, the

existing bioinformatics tools are primarily designed for performing specialized scientific



tasks and offer limited analytical methods. There is a lack of an exploratory tool that

enables a comprehensive examination of gene expression data.

1.2. Cancer

Cancer stands out as a major public health problem, the frequency of which is
increasing every year. Although scientists have gained more knowledge about the onset
of cancer and the processes that lead to the demise of patients compared to the past, many
mechanisms underlying cancer still remain enigmatic. Cancer formation can occur
through numerous diverse mechanisms. Genetic mutations and epigenetic changes in cell
DNA play an important role in the formation of cancerous cells. Mutations can occur
spontaneously during cell division or due to environmental factors. Environmental factors
can include exposure to harmful mutagenic chemicals, an unhealthy diet, and
overexposure to ultraviolet (UV) rays or radiation. Exposure to various mutagens and
carcinogens can lead to the development of different types of cancer in the body. For
instance, excessive exposure to UV radiation is a prominent risk factor for the skin cancer
type known as Skin Cutaneous Melanoma (SKCM). This type of cancer originating from
melanocytes is the most aggressive and deadly of skin cancers and nearly 50,000 people
die each year because of this malignancy (Rastrelli et al. 2014). After the cancerous cells
are formed by any agent, they are frequently eliminated by the immune system, which is
very complex. Or it may remain in the equilibrium phase without being completely
destroyed but suppressed by the immune system. Cancerous cells in this phase can
increase their activation and escape with ease from the immune system at times when the
immune system is weakened, such as aging, organ transplants, and so on. Or cancerous
cells can actively suppress immunity without the need for any immune weakness. Cancer
cells that manage to escape the immune system can form tumors over time (Dunn, Old,
and Schreiber 2004).

Many features distinguish cancerous tissues from normal tissues. Some of these
include unlimited proliferation, avoidance of growth suppressors, resisting cell death,
achieving replicative immortality, inducing angiogenesis, and the ability to invade and
metastasize (Hanahan and Weinberg 2011). Along with these distinctive features, genome
instability and tumor microenvironment elements are also crucial for the course of cancer.

To develop new treatment methods for cancer, it is of great importance to elucidate these



distinctive mechanisms. In particular, understanding the roles of the tumor
microenvironment (TME) in tumor development and spread has been a turning point in
the discovery of new immunotherapeutic targets (Sas et al. 2022). The TME encompasses
the relationships within the framework of molecules released and produced by these cells
in and around the tumor, including cancerous cells as well as non-cancerous cells (Xiao
and Yu 2021). Gaining a more comprehensive understanding of the intricacies involved
in the TME holds the potential to facilitate its regulation, consequently augmenting the
effectiveness of cancer treatments (Bilotta, Antignani, and Fitzgerald 2022).
Immunotherapy has emerged as a promising treatment approach for cancer
patients. Immunotherapy drugs can also be used in combination with other therapeutic
approaches including chemotherapy, radiotherapy, and surgical resection (Herskind,
Wenz, and Giordano 2017). Although traditional treatment approaches work in many
patients and significantly increase survival, they do not work for all patients. It has
become possible to offer personalized treatment options by dividing patients into cancer
type, stage, mutation types, and many other subgroups, with immunotherapeutic
approaches. For personalized treatment methods to be possible, it is necessary to have
epigenetic, transcriptomic, and genomic levels of data about cancer patients and to be
able to process them in the computer environment. Thus, patient-specific treatments can
be offered by obtaining more information about the tumors and immune systems of the

patients.

1.2.1. Cancer Research in Silico

With the diversification of immunotherapy methods and then the development of
specific treatment methods for individuals and patient groups, cancer research in silico
has gained great importance. Examination of patients' RNAseqs with various analysis
methods has paved the way for specific treatments to be applied by finding the ones with
the highest potential among thousands of therapeutic targets (Ding, Chen, and Shen
2020). In addition, the mechanisms discovered and verified by in silico methods became
more easily targeted. A wide variety of methods have been developed to examine patient
data in silico. For example, the Kaplan-Meier and Cox Proportional Hazard (Cox-Ph)
methods used in survival analysis are robust tools for predicting how certain traits affect

survival. Using these tools, genes that most affect prognosis can be identified and in vitro



or in vivo studies can be performed on them. Receiver Operating Characteristic (ROC)
analysis can be used to measure the power of the detected potential targets and to
understand their false positivity. Various analysis methods such as these have accelerated
cancer studies and increased our knowledge of cancer exponentially.

In silico studies, which have gained a new vision with the use of artificial
intelligence algorithms in cancer studies, which have been increasingly used recently,
give hope in terms of a better understanding of cancer, predicting the response of patients
to treatment, and increasing their survival (Rafique, Islam, and Kazi 2021). For example,
in a study conducted on non-small-cell lung cancer (NSCLC) patients, it was shown that
by applying machine learning methods based on RNA expression data from patients,
response prediction to immunotherapy treatment could be performed (Wiesweg et al.
2019). In another study, artificial intelligence applications used to predict metastasis, the
leading cause of cancer-related deaths, were compiled (Albaradei et al. 2021a). In
addition to these, the results obtained by processing the DNA methylation data,
pathological and radiological images of cancer tissues, personal and psychological data
of the patients, as well as the collected RNAseq data, are used to obtain information about
the mental and physiological prognosis as well as the progression of cancer through
machine learning (Afshar et al. 2020; Kourou et al. 2021; Yousefi et al. 2022). To
summarize, in silico cancer studies are of great importance for discovering potential
powerful targets for patients and converting them to immunotherapeutic methods,

predicting the prognosis of cancer, and predicting the response of patients to treatment.

1.3. Non-Coding RNAs

Noncoding RNAs (ncRNAs) are RNA molecules that are not translated into
proteins. They are found in various regions of the genome, including intergenic and
intronic regions. These gene sequences whose functions remained poorly understood for
many years and were often regarded as non-functional were even referred to as "junk
RNA". However, today it has been understood that ncRNAs play critical roles in
important processes such as regulating cellular functions, regulating gene expression, and
transferring genetic information (Mattick and Makunin 2006). Although the functions of
many ncRNASs remain to be elucidated, they have been proven to be involved in many

important cellular processes including gene regulation, post-transcriptional modulation,



antitumor immunity and tumor immunoevasion (Xu, Wang, and Huang 2021; Xing et al.
2021; Ekiz HA et al. 2019).

ncRNAs also have diversity within themselves. Transfer RNAs (tRNAs), which
are involved in protein synthesis, Ribosomal RNAs (rRNAs), which are one of the
structural components of ribosomes, and Long noncoding RNAs (IncRNAs), which play
arole in the regulation of cellular functions, are just a few of them. miRNAs, on the other
hand, usually target messenger RNAs (mMRNAS) and act as regulators in regulating gene
expression and in various cellular processes. miRNAs are short, single-stranded RNA
molecules approximately 20-22 nucleotides in length. They play a crucial role in the post-
transcriptional regulation of gene expression by selectively targeting the 3'-untranslated
region of specific mMRNASs (S. Zhu, Pan, and Qian 2013). This interaction leads to either
the degradation of the targeted mRNA or the inhibition of its translation, thereby
influencing gene expression levels. The primary transcripts, called pri-miRNA, are
processed, first into short stem-loop structures called pre-miRNA, and then into
functional miRNA. miRNAs play important roles in host-pathogen relationships. In
addition, it has been shown that miRNAs are involved in critical steps in developmental
timing, cell differentiation, apoptosis, proliferation, and formation of cancerous tissues
(Jiao et al. 2021; Di Leva, Garofalo, and Croce 2014). While miRNAs, which act as
regulators in many intracellular processes, perform basic processes such as miRNA
regulation, epigenetic changes such as methylation, and the circadian clock, they are in

coordination with various effectors such as IncRNAs (Cai et al. 2009).

1.3.1. miRNAs Controlling the Cancer Biology

miRNAs, whose overexpression has been shown to be associated with many
human diseases, are regulators of many cellular processes including carcinogenesis
(Yoshida, Yamamoto, and Ochiya 2021). miRNAs are capable of targeting multiple
MRNAS, but multiple miRNASs can act as co-regulators for a single mRNA. The situation
iIs not much different for miRNAs in tumor suppression and immune responses.
Therefore, it is essential to elucidate the miRNAs and miRNA interactions involved in all
these processes to better understand the formation, immune escape and spread of cancer
cells (Dragomir et al. 2018). A better understanding of these mechanisms can lead to the

discovery of therapeutic targets and promising biomarkers. However, while it is not



simple to elucidate the role of a single miRNA involved in these processes, predicting
miRNA linkages and networks is a challenge. Nevertheless, successful studies have been
carried out to elucidate the mechanisms between miRNA, tumors, and the immune
system. For example, these studies showed that miRNAs play a critical role in the Wnt
signaling pathway dysregulation (Balacescu et al. 2018), which has an important role in
the emergence of colorectal cancer (CRC). It is now accepted that miRNAs cause
pathogenesis in CRC by triggering and inhibiting the Wnt signaling pathway (Jafarzadeh
and Soltani 2021). In another similar study, the role of specific miRNAs in the
pathogenesis of prostate cancer (PC) was shed light on. miRNAs-145,148, and 185 have
been shown to be involved in regulating and directing PC stem cell behavior (Coradduzza
et al. 2022). In other research, the role of miRNA-155 on cancer cells was investigated
(Mattiske et al. 2012) and the regulatory importance of miRNA-155 on different immune
cell populations was tried to be determined. As a result, miR-155 has been shown to have
different roles depending on the cell type (Thompson et al. 2023).

Taken together, a more complete understanding of the regulatory roles of miRNAs
in immune and cancer cells is important for combating diseases better. Furthermore,
examination of high throughput data will continue to help miRNAs that can serve as
biomarkers and potential therapy targets.

1.4.  Aim of the Study

The aim of this study was to develop a bioinformatic tool we named The Cancer
Genome Explorer shortly TCGExplorer or TCGEXx that will enable rapid, effective, and
comprehensive analysis of the high-dimensional cancer data. Thus we aim to facilitate
cancer research and enable scientists without coding expertise to benefit from the TCGA
data sets. Thus, we establish a bridge between cancer immunology, statistics, and
software sciences. Our application also aims to contribute to the research of everyone
working in the field of cancer by providing a user-friendly interface. In this way, scientists
can quickly analyze data and direct their studies with a few clicks. Some bioinformatic
tools that enable the analysis of cancer data are already available. These tools, which
mostly offer several analysis methods at the same time, have filled important gaps in the

literature and inspired our work. TCGEX aims to be a resource for comprehensive in silico



cancer research, designed to make a difference with its original aspects, by putting these
tools on top of the gains.

The study aimed to develop TCGEXx software, which encompasses a multitude of
powerful features setting it apart from other tools in its category. These distinctive
features include interactive interfaces, multiple modules for conducting sophisticated
analyses, customizable graphics, subset-specific analysis capabilities, and the
implementation of linear regression-based machine-learning algorithms. It is also
completely free and easy to use by all users. With the following modules, TCGEXx
becomes a unique tool that scientists can use in exceptionally comprehensive/in-depth
cancer studies: Principal Component Analysis (PCA), Kaplan-Meier Analysis Module,
Receiver Operating Characteristic (ROC) Curve Analysis, Heatmap Analysis, Cox
Proportional Hazards (Cox-Ph) Model Analysis Module, Gene Set Enrichment Analysis
(GSEA), feature correlation analysis, correlated gene table analysis, metadata analysis
module, and machine learning algorithms analysis. The high throughput cancer patient
data can be rapidly, efficiently, and thoroughly analyzed with a variety of approaches
using this user-friendly interface, which was created using the R programming language.

The outcomes are then shown in a fashion that is suitable for publication in the paper.



CHAPTER 2

IMPLEMENTATION

2.1. Summary of the Pipeline

The TCGEX tool was created using the R programming language and the Shiny
framework (Chang W et al. 2023). The TCGEXx application was supported by online
servers and opened to the access of the entire scientific community. The open-source code
of the application is available on GitHub (https://github.com/atakanekiz/TCGEX).

The transcriptional data obtained from The Cancer Genome Atlas (TCGA)
encompasses gene expression levels of both coding and non-coding genes. Analyzing this
vast dataset from thousands of patients can unveil previously unknown mechanisms
underlying cancer. We gathered RNA sequencing (RNAseq), and miRNA sequencing
(miRNAseq) expression datasets obtained from cancerous and normal tissues of patients
at different cancer stages by downloading via TCGADbiolinks package and normalizing
them. The normalization procedure enables us to make meaningful comparisons between
samples that have undergone sequencing with varying depths, by aligning them on a
similar scale. This essential step ensures that the gene expression measurements are
adjusted appropriately, allowing for accurate and reliable analyses across different
samples. While it is possible to use raw data directly in differential expression analysis
and some other analysis methods, we scaled the raw expression counts by considering the
sequencing depth of different samples to perform the analyzes in TCGEX in the most
accurate way. Converting raw data to scaled harmonized data and using it for analysis is
acommon approach and there are some methods for this such as counts per million (CPM)
and log2-counts per million (log-CPM). It allows for the comparison of gene expression
levels between samples by scaling the raw gene counts to a common denominator. By
dividing the raw counts by the library size (total counts) of each sample and then scaling
it to a million, CPM normalization provides a relative measure of gene expression that is
independent of the sequencing depth. This normalization method ensures that differences
in library size do not introduce bias when analyzing gene expression levels across

samples. In the data preparation part, we transformed our counting matrices using log-



CPM without taking into account gene lengths. In the data preparation part, we
transformed our counting matrices using log-CPM without taking into account gene
lengths. Since we are not comparing absolute expression levels of genes among each other
and were examined in correlation analyses and related analyzes, this normalization
process is the best fit for data to be used in TCGEX. For the normalization process, we
used the cpm function from the edgeR package in the R software. This function basically
applies the formula log(CountsPerMillion(data)+1) to each expression value.
Normalization of gene expression data in TCGA facilitates its utilization in TCGEX.
Then, we created large data frames containing hundreds of rows of samples and
thousands of columns containing genes or features to be used in analyses for each cancer
type by downloading clinical data containing detailed information about cancer patients,
from gender to mutation patterns, via TCGADbiolinks package, and combining them with
normalized RNAseq and miRNAseq data. As a final step, the immune scores from the
seminal article "The Immune Landscape of Cancer", which describes general immune
patterns in tumors, have been added to each cancer dataset to enhance its utility for
analysis (Thorsson et al. 2018). As a result of all these strategies, the processed data sets

that will be used in the modular analyses were prepared.
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Figure 1.1. The General Operating Mechanism of TCGExplorer.
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2.2. The TCGEXx User Interface and Server

Shiny apps are composed of two main components: the user interface (Ul) where
inputs are received by interacting with the user and the server side for the computational
processes. One of the prominent features of TCGEX provides a wide range of motion by
allowing the user to enter many inputs to customize the analysis thus an input selection
screen makes it possible to develop tailored analyses. In addition, different tabs were
created for each module, allowing the user to easily navigate between analyses.
Correspondingly, the code of each analysis tab was written in a modular way. This
approach facilitates troubleshooting and new feature development without affecting the
other parts of the app. In addition to troubleshooting, modularized writing of the code in

the app increases readability and provides code cross-usability.

2.3. Data Selection Module

Data Selection is the first module in the application and through this module, the
user can select the type of cancer to investigate, load the relevant data and proceed to the
analysis part. Moreover, this module visualizes various descriptive statistics such as
gender, age at diagnosis, and cancer stage of these specific cancer patients. Hence, the
user gains more knowledge about the selected cancer data and gains insight into which
subsets the data can be analyzed. While the evaluation of selected cancer types alone
reveals mechanisms specific to that cancer, being able to examine different cancer types
at the same time may offer an advantage for discovering common patterns in different
cancer types. Thus, we also added the ability to select multiple cancer projects and obtain
aggregated data.

GEPIA 2, Stanford TCGA Clinical Explorer, and UCSC Xena are tools that can
offer advanced analysis in their fields (Lee et al. 2015; Goldman et al. 2020b; Tang et al.
2019b). While these tools make it possible to analyze only one cancer data at a time,
TCGEX provides the user the right to select multiple cancer data simultaneously. In this
way, the user can aggregate and examine more than one cancer data in aggregate and
perform comparative analyses between these cancer data. It allows users to use cancer

type as a variable in ensuing analyses including survival modeling and graphing. Offering
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a personalized analysis experience, TCGEXx presents prospects for users to perform the

analysis they want with its state-of-the-art and expansive variety of analysis methods.
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Figure 2.1. Data Selection Module User Interface. With the user interface in the Data

Selection Module, the user can start to perform analysis by selecting one or more

cancer types among 33 harmonized cancer types downloaded from TCGA.
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Figure 2.2. Representative visualizations from the Data Selection Module. After the data

selection is made by the user, various information is presented to create a general
impression about the selected cancer types. Age, gender distributions, and
sample definition are some descriptive stats offered. After this stage, the user

can start researching by choosing the analysis method.

2.4. Principal Component Analysis Module

PCA analysis tool provides visualization of the large tumor sample
datasets via dimensionality reduction. This tool also offers users studying on the entire
RNAseq/ miRNAseq genes or a subset of genes. The gene subsets can be selected from
previously defined annotated pathways from The Molecular Signatures Database
(MSigDB) or users’ custom gene sets. By using this feature, users can eliminate the
masking effect and noisy information (Yeung and Ruzzo 2001). While the PCA analysis
is performed on the gene subsets as described above, users can annotate data points using
clinical metadata or categorize gene expression as high and low. This feature allows
studying whether there is that feature-related separation on the gene subset. For instance,
to see whether high expression of a specific miRNA divides the patients on the principal
component space calculated by relevant gene sets such as immune-related genes (Atakan
Ekiz et al. 2019). In another case, it can be observed that clinical metadata such as PAM50
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subtypes of breast cancer is separated well on a PCA plot using gene subsets (Tsai et al.
2015). This tool also allows for deciding on the colors of the plot. Users can select color
palettes for specific journals including Nature, Science, and Journals of Clinical
Oncology for conveniently generating publication-ready plots. In addition to customizing
the plotting parameters, users can also modify the input data by changing the centering
and scaling features. Centering involves subtracting the mean from each observation,
which centers the graph at the origin and makes it easier to interpret relationships between
variables. Meanwhile, scaling involves dividing each variable by its standard deviation,
which avoids the clustering effect that binary variables can have in principal component
analysis (Jollife and Cadima 2016). Using centering and scaling helps researchers
interpret their data accurately and avoid common pitfalls, providing more reliable analysis
and insights. The "keep highly variable genes" feature in the principal component analysis
includes only genes with specified levels of variance, limiting the number of genes in
analysis, which may lead to more distinctive patterns in the PCA analysis.

The interface designed for users to use the PCA Module is shown in Figure 2.3.
In the first input in the PCA Module, the user can select sample types such as "Primary
Solid Tumor"”, "Metastatic" and "Solid Tissue Normal" to include in the analysis here.
Then, in the second input, the user can select the genes that will be used in PCA. Users
can choose 5 options: i)All genes (RNAseq and miRNAseq data), ii)miRNAs (mature
miRNAS), iii)RNAseq(includes only coding genes), iv)genes annotated in MSigDB gene
sets, v)a custom list of genes by uploading the file. The Center Data radio button comes
by default and gene expression values are centered by subtracting the mean expression
value. A variable that is on a different scale from the others may dominate the variance
direction. Scaling (default) gene expression values by the scale variable radio button
prevent this effect. Then MSigDB Collection and desired gene sets can be selected. With
the Apply variance filtering radio button, the user can apply variance filtering to keep the
most highly variable genes in the analysis. Setting this value to 10, for instance, will select
the genes having the top 10% highest variation in the dataset. In the feature annotation
input, Users can color code the data points on the graph using gene expression values or
clinical metadata. If the user selects a gene name here, gene expression will be categorized
at the median value per sample and points will be annotated. Users can also select clinical

metadata (eg. meta.gender) to color points accordingly. Finally, with the color palette
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input, the user can choose to create the graphic in a format that can be published in certain

scientific journals such as "Nature™ or the desired color palette.
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Figure 2.3. PCA Module User Interface
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Figure 2.4. PCA Module Graphical Output. The graph was formed by annotating the
“CD8A” gene a cytotoxic T lymphocyte marker, and PCA analysis was
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performed using the “Hallmark Interferon Gamma Response” gene set selected
from MSigDB on the “Primary Solid Tumor”, “Metastatic”” and “Solid Tissue
Normal” samples selected by the user. With the panel in the upper right, a
detailed analysis can be made of the analysis result and the graphic can be

downloaded if desired.

2.5. Receiver Operating Characteristic Curve Analysis Module

Receiver operating characteristic (ROC) analysis is used to find the efficiency of
a created model. Points on the ROC plot portray a curve that contains a
sensitivity/specificity match for each data point. The sensitivity of a signal can be
identified by the percentage of true positives and the specificity of a signal can be
observed by the percentage of true negatives(Nahm et al. 2022). The best result is
obtained when there are no false positives and false negatives exist(Se et al. 2009). The
area under the curve (AUC) on the ROC plot is a widely used parameter to compare the
performances of different ROC analyses. AUC> ~0.5 means the classifier is working
better than random chance (Sonego, Kocsor, and Pongor 2008). The bigger AUC
corresponds the better the classifier prediction results. ROC curve analysis is very useful
in terms of testing new potential biomarkers. Biomarkers can be used to determine
whether a disease is present, or absent, or whether the treatment is effective or not (Hsu,
Chang, and Hsueh 2014). Finding new biomarkers and testing them is a challenging
process. Multiple biomarkers may be combined to reduce the false positive rate. Still, new
biomarkers are found, and different combinations are created to boost performance. By
using ROC curve analysis, the sensitivity and specificity of potential biomarkers can
easily be seen, combined, and measured.

The ROC module in this website will help users to use the already cleaned and
prepared TCGA cancer database. This allows new biomarkers to be assessed, and
different biomarkers to be combined and comparable within seconds. In this module,
ROC curves are drawn according to the gene expressions in the data. The option to add
MSigDB gene sets and their subcategories will make the newly created/improved
biomarkers to be more comparable by taking the already existing gene sets as reference.
Users can customize their analysis by choosing whether they would like to examine

numerical gene expressions or categorical metadata. This flexibility increases the analysis
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perspective of the module as not only diseased and non-diseased tissues will be examined,
but anything that a user wants that is in the data set. Users who are interested in more
specific areas of gene expression such as the top and bottom 20% of expression can easily
filter the data and narrow the expression range. A point that should be carefully
considered is, this procedure lowers the sample size which might result in low accuracy
of the curve according to the situation. In a simple scenario where the diseased and non-
diseased tissue is required to be analyzed by a potential biomarker, users can choose the
normal and tumor tissue on the data and display the AUC values for each curve. There is
no consensus but in some papers in the literature, AUCs higher than 0.80 are notable
biomarkers (English et al. 2016). AUC values can also be used to compare it with other
plots to choose the optimum curve. With this module, users who are interested in using
ROC plots to review TCGA data and use it in aims such as improving biomarkers or more
will be able to do it in seconds with the flexibility to run it repeatedly.

The interface created for users to use the ROC Module is shown in Figure 2.5. In
the first sample type selection input, users can subset data. ROC analysis is performed
between two classes in the response variable as '1" (desired outcome group) and '0'
(undesired outcome group). Users can specify these classes for both categorical and
numeric variables in the TCGA data. In the second input, users need to select what kind
of response variable they are interested in. Users can select the specific numerical or
categorical variable they want to binarize according to the previous selection in the third
input. High cutoff input selection allows the users to assign samples to class-1 if their
values are more than the specified quantile here. For instance, setting this value to 25
would mean binarizing the top 25% of the data as '1'. If the user wants to binarize at the
median value this value should be 50 (default). Low cutoff input allows the user to assign
samples to class-0 if their values are less than the specified quantile here. For instance,
setting this value to 25 would mean binarizing the bottom 25% of the data as '0'. If the
user wants to binarize at the median value this value should be 50 (default). In the next
input selection, users select the predictor variable. If the user enters more than one
variable, their values will be averaged. Subsequently, if users desired the average
expression value of a specific MSigDB gene set can be added to the graph. If the user
would like to include a curve for a specific MSigDB gene set, this can be accomplished

at the last input selection.
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Figure 2.6. ROC Module Result. The graph shows the ROC analysis result and the area
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between MSigDB gene sets and chosen cancer data.
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2.6. Heatmap Analysis Module

In biology, heatmaps can be used to review the expression values of genes
(Gehlenborg and Wong 2012). The ability to display a high number of gene expression
data in one heatmap simplifies the high-throughput data analysis. By using TCGA cancer
data, RNA and miRNA gene expression patterns can be detected and reviewed within the
heatmap module. The heatmaply package in R is used to create the heatmap. Just like on
the other modules on the website, user can either create their own gene set and look them
up on the heatmap or choose from the Human MSigDB gene sets. This gives the user the
flexibility of adding the already curated MSigDB gene sets within seconds. At the same
time, users can specific scaling per gene or sample to create different visualizations. It
also has the flexibility to only see the genes which have the top expression variability.
This feature will hide the genes that do not have distinct expression values on the
heatmap. One of the most important parts of heatmaps is annotations. The samples can
have multiple annotation bars on top of the heatmap and, different categorical metadata
or categorized high and low expression values of genes can be shown. By choosing the
desired features on the interface, the heatmap which was created in a few seconds will
give us the information of hundreds of patients.

The interface developed for users to use the Heatmap Module is shown in Figure
2.7. Users can select the genes to be used in the heatmap analysis in the second input,
after substituting their data by selecting the sample type. The user can complete this
process by manually selecting the gene, using the MSigDB gene sets, or uploading their
own gene set. After selecting the genes for the plot, with the variation filter the user can
apply a variance filter to keep only highly variable genes in the plot. 100 (default) means
no filter is applied. If the user like to see the top 10% variable genes only, set this value
to 10. Such filtering can help see more informative genes. Then users can select
categorical clinical metadata features to show as annotations on top of the heatmap. Users
can also create an annotation bar by categorizing the patients based on their gene
expression levels. Users can specify one or more genes in this input. When multiple genes
are entered, their average is calculated. Patients are categorized as 'high' and 'low'
according to the median gene expression value. In the last 4 inputs, the user can select

distance calculation and clustering methods for samples and genes.
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Figure 2.8. Heatmap Module Results. Heatmap analysis graph created with user inputs
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zoom-out features are included to focus on specific genes. In this way, the user
has the opportunity to examine the parts of interest more closely and analyze
them in depth. In the B panel, it is possible to closely see a selected region of the
plot that emerged as a result of the first analysis.
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2.7. Gene Sets Enrichment Analysis Module

Although a significant part of the human genome has been elucidated, the
functions and processes of many genes are unknown. Characterizing these unknown or
currently supposed unimportant genes has the potential to illuminate unexplored
mechanisms in cancer. The gene set enrichment analysis (GSEA) module is used to
determine whether a gene or clinical feature can define subsets of samples that are
enriched or depleted in certain pathways or biological processes. In this way, the
relationship of the investigated feature with various cancer phenotypes can be
investigated.

With this TCGEx module, GSEA can be performed quickly for the selected
feature by filtering the samples in the selected cancer data. With the inputs entered by the
user, gene sets categories such as "Hallmark™ in the Human MSigDB are decided for the
selected feature, and the most enriched or depleted gene sets are defined in this category.
Moreover, many gene sets are analyzed simultaneously, enriched and depleted ones are
presented to the user with their statistical results. Furthermore, the customized interface
allows the user to manually determine the High and Low cutoff percent for the selected
feature. Thus, the user can categorize samples based on gene expression at desired cutoffs
and perform GSEA between two subsets of data. That way the features of samples
expressing different levels of a gene of interest can be studied. The user can find
significant enrichments by looking at all gene sets, as well as can obtain detailed results
about the selected feature by performing the analysis on the specific gene set that is
specified. The fgsea package was used to generate the gene set enrichment analysis results
(Korotkevich G et al. 2019).

The interface generated for users to use the GSEA Module is shown in Figure 2.9.
The user can start the analysis by choosing which sample types to include in the analysis.
GSEA is performed between two groups of data. In the second input, if the user would
like to perform GSEA for a categorical clinical feature, the user is expected to select two
data subsets and define one of them as the 'sample’ for the analysis (the other one will
become a reference). If the user would like to perform GSEA for a numerical feature such
as gene expression, then the user can categorize samples based on gene expression values
as 'high’ and 'low' through user-defined quantiles. Setting high and low cutoffs to 50 will

categorize gene expression at the median value. Users can set these numbers to 25 to
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compare the top 25% of expressors to the bottom 25% of expressors. Then in the third
input, the user can increase the number of permutations for preliminary estimation of P-
values. Afterward, the user can continue the analysis by pulling the gene sets to be used
in the analysis from MSigDB or uploading them locally. Finally, if the user is continuing
the analysis on MSigDB gene sets, the user can select the "Top Pathways" option and
choose an MSigDB gene set collection and determine which gene sets in that collection
are enriched or depleted the feature the user has determined. If "Specific Pathway" is
selected, a specific gene set in the selected MSigDB Collection can be examined and a
specific GSEA graph can be drawn. With the download buttons at the bottom, the user
can download the analysis result they want to their device.
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Figure 2.9. GSEA Module User Interface
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Figure 2.10. GSEA Module Results. Graph showing the result of enrichment analysis of
gene sets in the identified MSigDB Collection if "Top Pathways" is selected in
the A panel. The table at the bottom of the graph was created to identify genes
that were leading that most strongly contribute to the enrichment score for
different comparisons. In the B part of this graph, the GSEA chart is created by
selecting the "Specific Pathway™" option. Just below the parts of the figure, it is
possible to see the leading edge genes for that particular pathway.



2.8. Machine Learning Module

Machine learning (ML), a developing arm of artificial intelligence, refers to a
range of applications and algorithms that aims to extract relevant and useful information
from the obtained data. In the context of bioinformatics, ML is utilized to perform
classification, prediction and feature selection from biological data (Shastry and Sanjay
2020). ML is a powerful tool for the establishment of the relationship between
independent variables. Thus, apart from its usefulness in the areas of evolutionary biology
or genomics, it offers a strong approach to modeling biological networks that can
illuminate gene expression regulation in a cell at various metabolic states and disease
conditions (C. Xu and Jackson 2019).

Regularized regression, a type of supervised machine learning technique, is a
derivative of linear regression that allows one to simultaneously create a model and
perform feature selection in the high dimensional data (Witten and Tibshirani 2009). It is
optimized to minimize the sum of squared residuals by penalizing the generated model
coefficient estimates. The penalty term is applied to the model equation to reduce model
complexity and make the prediction with the limited mean squared error. By reducing
model complexity and providing parameter shrinkage, regularized regression allows high
prediction performance and prevents overfitting on large data sets (Ahrens, Hansen, and
Schaffer 2020). Ridge, Lasso, and Elastic Net regression are all types of regularized
regression methods and each has varying strengths depending on the structure and
behavior of the data. Ridge regression shrinks the estimated coefficients without making
them zero and penalizes correlated parameters in a similar fashion (Friedman, Hastie, and
Tibshirani 2010). Lasso regression shrinks model coefficients down to zero and performs
feature selection. Elastic Net regression can refer to a middle ground in between Ridge
and Lasso regression and it is ideal for data sets in which the number of predictor variables
significantly exceeds the number of samples and/or there are a high number of correlating
variables. The degree of penalization for each approach can be optimized with cross-
validation which is a widely accepted methodology for tuning parameter selection.
TCGEXx performs regularized regression using the algorithms described above on the
transcriptomic profiling data obtained from the TCGA data portal. The machine learning
module integrated into the application runs by the functions of the GImnet package in R

Programming language, which allows users to conduct and interpret various regularized
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regression tasks. GImnet provides a useful workflow that can perform generalized linear
model fitting with Ridge, Lasso, and Elastic Net regression and also for penalization
tuning, i.e. regularization parameter lambda optimization, via functions that perform
cross-validation on a given data set for specified parameters. In addition, informative
plots that describe model efficacy and demonstrate the amount of parameter shrinkage
for varying sets of lambda values are also integrated into the ML module by utilizing the
plotting functions of packages GImnet and ggplot2. Accordingly, TCGEx compiles these
tools in an efficient, user-friendly user interface that allows non-specialist researchers to
utilize ML algorithms on the transcriptomic profiling data.

The machine learning module integrated into the TCGEXx application requires a
data matrix, the type of the regularized regression method to be applied to this data, and
finally, response and predictor variables that are all determined by the user.
Transcriptomic profiling data available on the ML module have the same structure that is
described earlier in the introductory sections and therefore, the cancer subtype of interest
should be specified before the analysis. Regularized regression method is controlled by
the alpha parameter (a) as the mathematical equation for the algorithm requires.
Accordingly, the choice of method is set by the input controller ranging from 0 to 1, where
1 corresponds to the lasso; O corresponds to the ridge; and the numbers in between
determine elastic mixing. Response and predictor variables can be entered manually,
uploaded via Excel files, or selected from the pre-formed sets obtained by the MSigDB
database. The chosen response set can include a list of protein-coding and/or non-coding
transcript names. TCGEX utilizes gene expression data to generate a response variable
(also known as a dependent variable) whose linear relationship with specified
independent variables is examined. This expression profile is computed by taking the
row-wise mean of the normalized expression counts for a given set. For the predictor
variables (independent variables) the application provides a diverse and extensive
selection repertoire. The regularization path is computed with cross-validation and thus,
the behavior of the model coefficients as the penalization parameter varies can be viewed.
In addition, the TCGEx ML module presents users with an option to test model accuracy
by allowing the splitting of the input into training and test subsets.

The interface generated for users to use the ML Module is shown in Figure 2.11.
Slider input, which appears after the sample type selection, allows the user to eliminate

genes that are expressed at low levels. The selection here specifies the maximum allowed
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percentage of zero expression in a given gene. For instance, if this number is set to 50,
genes that are not expressed in 50% or more of the samples in the analysis. The default
value of 100 indicates that there is no filtering applied. We anticipate that, by removing
lowly expressed genes, the model can perform more robustly because, in the presence of
many non-expressors, samples with expression can appear spuriously associated with the
response outcome. In the “Response Variables” panel, users can specify response
variables by i) entering gene names manually, ii)using genes from MSigDB gene sets, or
iii) selecting one of the previously calculated immune cell signatures. When multiple
genes are entered or gene sets are selected, a single response variable is calculated by
averaging the expression values. Users can type gene names in the box or upload an
xIsx/xls file for manual gene selection. In the “Predictor Variable” panel, users can enter
predictor variables either by entering them manually (users can type or upload a file), or
using genes from MSigDB gene sets. Regularized regression models will examine the
relationship between these predictor variables and the previously specified response
variable. The user can switch to the regression tab after making their selections in this
tab. Finally, the users can see the response and predictor variables that are determined
with the panels opened on the right after the variable selections users have made.

The ML Module analysis results are shown in Figure 2.12. After specifying the
response and predictor variables in the previous tab, users can determine the necessary
parameters for regularized regression analysis in this regression tab. Users can perform
regression on the whole data or split the data set into “training” and “test” subsets.
Splitting allows examining the model accuracy through the mean-squared error. Users
determine how much of the data will be used as a train set and how much will be reserved
for the test set by using the data splitting toggle. Users can also choose the lambda value
for coefficients at which the test set will be predicted. With the regression input, users
can choose the method of regularized regression using this slider. alpha = 1 corresponds
to LASSO regression where some coefficients will be shrunk (ie, penalized) to zero. alpha
= 0 corresponds to Ridge regression where some coefficients will converge to (but not
reach) zero. 0 < alpha < 1 corresponds to Elastic-Net regression where the penalty is a
mixture of both. Finally, users can choose the lambda value at which the variable
coefficients of the model are displayed. Lambda is the regularization parameter in the
model. Minimum lambda is the value that gives the minimum cross-validation error in

the regression. Lambda + 1 se is the value of lambda that gives the most regularized (ie.
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more penalized and simpler) model where the cross-validation error is within the one
standard error of the minimum. After all inputs are entered, the user can perform the
analysis by clicking the "Train the model™ button and downloading the results with the
download button. Subsequently, a graph that will appear in the right bottom panel will
show how the increasing levels of model penalization effect predictor coefficient
shrinkage and the overall mean-squared error. The regression graph in the upper panel
shows the changing coefficients of the predictors according to the increasing lambda
values. In the table next to it, these predictors are ordered to be presented to the user

according to their coefficient magnitude.

& HOMEPAGE
TCGExML @ LT RicoeiElartc NelLASSO Regrasion

X DATA SELEGTION
Lt Response variable(s) Predictor variables
8 coxen Set up variables for analysis

Seloct Sample Type (85—

& METADATA AHALYSIS Primary Tumor Metsstasc

= oo Maximum allowsd DErCEMags Of 2810 $XPressors
QL CORRELATED GENE . o)
BHex
asEs Response Variable
s method
RO

abie on
# Use sl miRbiss avelabie o lhe seleced data

Figure 2.11. ML Module User Interface showing the input parameters to the algorithm
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2.9. Kaplan-Meier Analysis Module

Survival analysis is used to determine how long it will likely be until a particular
event occurs such as death or recurrence of cancer (Baek et al. 2021). The Kaplan-Meier
(KM) survival curve functions as a time-varying estimator of the probability of surviving
over a given period of time while accounting for several brief intervals of time. (Kishore,
Goel, and Khanna 2010). It assumes that the event occurs at a certain time and the null
hypothesis is that, the probability of survival is equal for data subsets at a given point in
time. The KM survival curve is frequently used in cancer studies to illustrate how various
variables including treatment, mutation type, and gene expression may affect survival
(Huang et al. 2018; Wu et al. 2020). As a tool for comparing variables, this approach can
facilitate the analysis of the large-scale data sets offered by TCGA with thousands of
genes, miRNAs, and clinical metadata parameters (gender, BMI, ethnicity or genes,
miRNAs categorized as low, high, etc.).

To facilitate the use of survival analysis in cancer studies, we have developed a
user-friendly interface with a simple design and an orderly layout. The KM module allows
users to target the desired subset of data by allowing the selection of sample types,
features (thousands of genes and miRNASs), and covariates (genes, miRNAs, or clinical
metadata). Both numerical and categorical features can be selected and users can define
which data subsets are to be included in the analysis, enabling customization of research.
Additionally, users can select all or separate cancer types for which survival graphs can
be generated, enhancing the versatility of the module.

After the selection, the KM survival curve will be presented to the user. This tool
allows customization of the figures with the addition of statistical hypothesis testing and
color options for the user. This way, our tool creates publication-ready figures with a high
level of customization, allowing researchers to present their findings accurately and
effectively. Overall, the tool we developed offers numerous gene, miRNA, and clinical
data selection options, advanced data selection, and a range of figure customization

options.
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Figure 2.13. KM Module User Interface. In the first input, users can select the sample

types (eg. primary and/or metastatic) to tailor the analysis to their needs. KM
analysis is performed between groups of data. Subsequently, the user can select
genes, MiRNAs, or clinical metadata features. If the user selection is a
categorical data type (eg. patient gender, tumor subtype), the user will be asked
to select which subsets to be included in the analysis. If the user selection is a
numerical data type (eg. gene expression), the user will be asked to define
quantile cutoffs to categorize gene expression as "high™ and "low". After
defining the cutoff percentages, If the user's numeric categorization results in
three groups (ie low, middle, high), the user can hide (default) or show the
middle group in the graph by clicking the radio button. The user can add a
covariate to the analysis and perform the survival analysis on the data subsets.
Finally, the user can download the graph resulting from the analysis by pressing
the download button.
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Figure 2.14. KM Module Results. KM plot generated for a user-selected gene across

subset groups using clinical data. Users also can show the risk table on the graph.
A table will be added below the KM curves showing the number of surviving
patients at different time points. With the "Show p-value™ option, users can show
the log-rank p-value on the graph. If there are more than two groups in the
analysis, the p-value is calculated by testing the null hypothesis that all the
samples come from populations with identical survival. Users can select two
specific data subsets to show pair-wise p-values. Confidence interval bands can
be added to the graph. In addition to these, the user can change the plotted time
interval and the breaks on the x-axis. This does not affect the results of survival
analysis. Again, with the options below the graph, the user can plot dashed lines
to highlight median survival in data subsets and change the color palette of the
graph. Finally, there is the survival fit summary at the bottom of the chart. With
this summary, the user can find the formula for the survival analysis and detailed

statistical information about the research results.
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2.10. Cox Proportional Hazards Model Survival Analysis Module

The Cox proportional hazard regression model is the most often employed
survival model in the medical field where survival probabilities are modeled by one or
several covariates (Kamphorst et al. 2022; Deo, Deo, and Sundaram 2021; Baek et al.
2021). In this model, no assumption is made on the baseline hazard function form because
it is a semi-parametric model. Thus, the proportional risk of death is calculated as a factor
of time. Patients’ expected survival can be predicted using the coefficients of covariates.
According to the proportionality independent of time, which is one of the assumptions of
the model, the effect of the factors does not change over time. That is, the hazard ratio of
a factor remains constant over time. For example, this assumption is valid if the effect of
a drug does not change over time.

As mentioned before Cox module also allows users to focus on data subsets. The
user can select features (thousands of genes and miRNAs) and covariates (genes,
miRNAs, or clinical data). The Cox module presents an option where the impact of
multiple variables can be observed together. This module allows for the simultaneous
adjustment of multiple risk factors. In addition, the user can see the Log-Rank (p-value)
for both individual predictors and global models to determine their statistical significance.
With the confidence intervals given, how the risk changes across the strata can be seen.
Survival formula, coefficients, number of events, concordance, likelihood test, Wald test,
and Chi-squared test values are visualized to describe details of the Cox proportional
hazards analysis. This module allows Cox proportional hazards to be carried out with
several different options, so the research can be tailored to meet the interests of the

researcher and present reliable results in a short period.
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Figure 2.15. Cox-Ph Module User Interface. As in every module, the user can select the
sample types (eg. primary and/or metastatic samples) to target specific data
subsets in the analysis. Then, the user can select one or more features desired to
analyze (eg. genes or clinical metadata). If a single feature is selected, univariate
Cox-Ph analysis is performed. When two or more features are selected,
multivariate Cox-Ph analysis is performed where the effects of individual
features are reported along with the overall effects. Users can also perform model
interactions between features (optional). This more complex modeling allows
examining whether covariates have an impact on each other's effect. The user
can, for instance, investigate whether “Gene A” has a different survival impact

in males and females by specifying “Gene A*meta.gender”.
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Figure 2.16. Cox-Ph Module Results. The graph obtained as a result of the Cox
Proportional Hazards analysis shows the hazard ratio for the features specified.
In the script just below, users can learn to assess the statistical significance of

the model.

2.11. Correlation Analysis Module

The Correlation Analysis Module offers the opportunity to compare the
expression levels of two genes from selected cancer data. The correlation analysis is
visualized via scatter plots. Users can customize the features of the scatter plot via their
choices. This module provides information about each patient when users hover their
mouse over each point if they prefer. Thus, users can observe the outlier patients in the
plot. Users also can see the regression line on the gene comparison plot optionally. With
these features, researchers can detect tendencies via the regression line and patients who

deviate from the tendency, and find out their gender, race, and patient ID. In addition, this

33



module makes it possible to identify the differences between the classes of clinical

features such as tumor type and mutation type by dividing the samples into groups

through an optional facet parameter. The Correlation Analysis module also displays the

p-value value and Pearson's correlation coefficient on the graph depending on the user's

request (Garcia-Diaz et al. 2017). The P-value shows whether the linear regression slope

is statistically non-zero. Researchers can identify the strong or weak correlations between

expressions of two genes which especially play important roles in certain immune

processes such as immune checkpoint blockade via correlation plot analysis. The main

advantage of this module is that ggplot2 is enhanced with the ggiraph package for flexible

user input and informative data points.
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Figure 2.17. Correlation Analysis Module User Interface. After selecting the sample type,

the user determines the variables to place in the x and y axes. These variables
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can be gene or clinical data. Then, users can also add a faceting variable and
regression line to the graphic to be created. Besides, the user can view the
correlation analysis statistically. If "Show patient information” is selected,
hovering over each point shown in the graph will show which patient the data

came from.

female male

hsa.miR.155.5p

Figure 2.18. Correlation Analysis Module Results. Graph showing the correlation of
cytotoxic T cell marker CD8A and antitumor-immunity regulator miRNA-155
in melanoma patients. If the users wish, can download it by hovering over the

graphic and use the results obtained from it in their studies.

2.12. Metadata Analysis Module

In the Metadata Analysis Module, users have the opportunity to explore the
relationships between a gene and a categorical clinical parameter. While performing this
analysis, the user can choose to include or omit specific data subsets of the selected
clinical feature. Optionally, the generated plot can be examined in more depth by using
an extra faceting variable. For instance, the change of the "CD8A" gene in metastatic and
primary cancer tissue samples in melanoma cancer can be visualized per mutation
subtypes. Users have flexible options for customizing the appearance of the plots. Jitter,

mean, and standard error can be added to the graphic.
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Another feature that comes with this module is to determine and show how
statistically significant the results are. For comparisons the user, can specify a parametric
T-test and a nonparametric Wilcoxon test. Then, the process continues by choosing one
of the single reference or pairwise comparison methods. Thus, the user can determine
how significant the result is by seeing the adjusted or normal p values as numerical or
symbols on the resulting graph. The ggpubr package was used to generate the metadata
correlation plots.

The interface designed for users to use the Metadata Analysis Module is shown in
Figure 2.19. The user is expected to select the categorical variables to be placed on the x-
axis. After selecting the categorical variables, the feature to be placed on the y-axis is
entered by the user. In addition to all these, the users can specify the scientific journal
color palettes of their graphics on the graph creation panel and download them in a

manner suitable for publication in a journal.
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Figure 2.19. Metadata Analysis Module User Interface.
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Figure 2.20. Metadata Analysis Module Results. Metadata analysis enables a selected
gene to be examined through different clinical parameters, and while doing so,
ensure graphics are ready to be published in journals by presenting how
statistically significant it is. Here is a box-plot graph showing the change of the
CDB8A gene selected by the user depending on the lymphocyte score which
includes a combination of different parameters, such as the number or density of
areas of lymphocyte in the tumor tissue in male and female patients in

melanoma.
2.13. Correlated Gene Analysis Module

Correlated Genes Analysis (CGA) is a useful tool to detect correlations between
a selected gene and thousands of genes in the selected cancer project. Users can focus the
analysis on specific sample types as mentioned before. The highest positively and
negatively correlated genes are shown in a table in the numbers specified by the user.
This module also provides the number of samples lacking expression of selected genes.
The correlated genes plot is beneficial for users to highlight the most and least correlated
genes. In this plot, correlation coefficients are shown with colored circles. Thus, users
can visualize the correlations among desired genes conveniently. This tool also provides
method options, “Pearson” and “Spearman”, for correlation coefficient calculation. Since

normalized datasets are used, significant differences between the two methods are not
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expected, but in some cases rank-based Sperman’s correlation may be preferred (Bland

and Altman 1999). This module can be conveniently used to visualize miRNAs and their

targets to reveal possible regulatory interactions. For instance, one can visualize miR-145

against its supposed targets such as SOX2 controlling the regulation of colon cancer stem

cells (Syeda et al. 2020; Yu et al. 2015). This module also can be used to enhance the

results of our other modules. For example, upregulated methylation-related genes can be

detected from heatmap analysis and correlations between these genes can be studied via

correlation analysis (Liu et al. 2020).
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Figure 2.21. Correlated Gene Analysis Module User Interface. In this "Correlation Table"

tab, users can select a gene and tabulate its top positively and negatively

correlated genes. Users can also visualize correlations in the "Correlation Plot"

tab. In the first tab, users select their genes of interest. Users can then change the

number of best positively and negatively correlated genes they want to appear in

the table. Users can specify how the correlation should be calculated and

download the obtained table. In the second tab, the user continues the analysis

by choosing which method to use while calculating the correlation. Then the user

determines whether the correlation coefficients will be displayed on the plot or

not. Finally, users determine the genes they want to include in the correlation

plot manually by selecting them or uploading them to the system and getting the

result.
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Figure 2.22. Correlated Gene Analysis Module Results. The table in the A part shows
the analysis result, which includes the genes with the highest and least
correlations of a gene selected from the user-subset data, and which was created
by the user-determined correlation calculation method. The table includes the
correlation coefficients of the genes as well as the p-values showing how
statistically significant they are. In the correlation plot in the B part, the
correlation of user-specified genes with each other is visualized. It is important
to detect positive and negative correlations between dozens of genes at a single

glance.



CHAPTER 3

USE CASE SCENARIO

Skin Cutaneous Melanoma (SKCM) is a highly aggressive form of cancer that
originates from melanocytes. It is presently the most fatal type of skin cancer, and its
incidence has been on the rise in recent times (Leonardi et al. 2018). Protracted exposure
to the sun is often associated with the development of this cancer, and if left untreated, it
can rapidly metastasize throughout the body, posing a significant threat to the patient's
life (Hartman and Lin 2019). Therefore, early diagnosis and treatment are paramount in
the effective management of SKCM.

While therapeutic approaches have been applied recently to improve survival rates
in melanoma patients significantly, a considerable number of patients do not respond to
this type of treatment (Y. Chen et al. 2022). It has become increasingly crucial to develop
personalized treatment methods alongside studies aimed at identifying the subtypes of the
disease. It is essential to understand why some patients do not respond to treatment and
to determine in advance which patients will respond to specific treatments. Through the
analysis of data from 473 melanoma patients in TCGA, studies have been conducted to
identify mutation types in melanoma (Akbani et al. 2015). These studies have made it
possible to classify the disease into subtypes. At this point, TCGEXx offers scientists the
opportunity to conduct comprehensive analyses of the desired cancer type.

After selecting the cancer project, TCGEX provides descriptive statistics about the
data sets, allowing the user to have a general idea of the data. Many data such as age,
gender, demographic distribution, mutation types and subgroups of patients in the
selected cancer type can be examined by the user and then analyses can be performed
based on these. Of note, after selecting melanoma as the cancer type, “Metastatic”,
“Additional Metastatic” and “Primary Solid Tumor” were used as sample types in all

analyses performed in the remainder of the chapter.
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Figure 3.1. Informative Statistics about SKCM Patients. Using the TCGEX data selection
module, the user can perform cancer selection and obtain descriptive information
about that cancer. For instance, Melanoma patients are mostly diagnosed at an

advanced stage. The sample type distribution in the figure reveals this.

In the article published by The Cancer Genome Atlas Network in 2015 (Weinstein
et al. 2013), mutations in important genes observed in melanoma patients were revealed
and disease subtypes were created according to mutation types. These mutation subtypes
differ significantly in survival and other prognostic indicators. With TCGEX, it is possible

to perform detailed analyzes and better understand these subgroups.

meta.MUTATIONSUBTYPES Bl ERAF_Hotspot_Mutants B NFL_Any_Mutants B RAS_Hotspot_Mutants B8 Triple_WT

CDs8A

BRAF_Hotspot_Mutants NF1_Any_Mutants RAS_Hotspot_Mutants Triple_WT
meta . MUTATIONSUBTYPES

Figure 3.2. Profiling of subgroups with mutation types in terms of CD8A. In this graphic,
there is profiling of subgroups of patients with different mutation types in
cancerous tissues of melanoma in terms of CD8A expression, one of the
important markers of the cytotoxic T cells which are the key regulators for anti-
tumor immunity, using TCGEXx.
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Figure 3.3. Profiling of subgroups with mutation types in terms of IFNG. While this graph
shows the interferon-gamma expression levels of melanoma mutants, it is also
striking that the data here are in parallel with the CD8 gene expression levels of
the mutants in the previous graph. Similar expression patterns suggest that T cell

presence is commonly associated with more IFNg and its effector function.

Melanoma tumors display considerable heterogeneity, exhibiting a wide range of
biological traits, metastatic capabilities, risks of survival, and responsiveness to various
treatments. Hence, the categorization of melanoma tumors into different clinically
distinguishable and prognostic subtypes becomes essential to ensure precise diagnosis,
guide appropriate treatments, and facilitate the development of subtype-specific drugs
(Netanely et al. 2021). In addition to BRAF, NF1, RAS, and Triple Wild Type mutants,
3 more subtypes have been defined in the Genomic Classification of Cutaneous
Melanoma article (Akbani et al. 2015), and the interferon-gamma response of these
subtypes is a distinguishing feature for each other. These approaches are extremely
important as they enable personalized solutions by classifying melanoma into subtypes,
distinguishing patients from each other, and determining the treatment method to be
applied. By using TCGEx modules, it is possible to examine many features that
distinguish these subtypes from each other. For example, the effect of these subtypes on

patient survival was also demonstrated by Kaplan-Meier analysis in Figure 3.4.
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Figure 3.4. The Kaplan-Meier Curve of subgroups in Melanoma. The KM Curve
constructed using TCGEX shows that patients belonging to the "immune™ group
from the "immune”, "keratin" and "MITF-low" subgroups in melanoma have

significantly higher survival than the other groups.

Increasing evidence suggests that expression levels of miRNAs may have a crucial
role in human tumors and could even be key players in the response to therapy (B. Q.
Chen et al. 2022). miRNAs can exhibit specificity for particular tumors or be linked to
immune cells that infiltrate the tumor microenvironment. Different disease subsets may
have varying miRNA expressions, which can originate from tumor cells or infiltrating
immune cells, such as T cells. Through heatmap analysis using TCGEX, it is possible to
identify specific miRNAs that are upregulated in the "immune" subgroup, which has
better survival (Akbani et al. 2015). In addition, expression levels of genes that play an
important role in the interferon-gamma response can be compared in cases where
miRNASs hypothesized to be immune-related are high or low subsets. It has been shown
in Figure 3.5. that genes involved in the interferon-gamma response, which is important
for inflammation and cell-mediated immunity, are upregulated at the intersection of high
subsets of specific miRNAs such as miR-142, miR-150, and miR-155 and immune
subtype. Also, these miRNAs are good prognosticators along with the genes involved in
immune processes in the selected cancer type. This analysis can be performed
simultaneously with the "immune”, "keratin”, and "MITF-low" subgroups, providing
valuable insights into the molecular mechanisms underlying cancer and potentially

leading to new therapeutic strategies.
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Figure 3.5. Heatmap analysis results of SKCM patients data. Heatmap analysis results
were created by using data from SKCM patients and an interferon-gamma
response gene set. In the graph, it is seen that the genes involved in the
interferon-gamma response are more upregulated in areas where the immune
subgroup, which shows better survival, and the regions with high levels of
certain miRNAs, which are thought to regulate the immune response. With the
Heatmap Module of TCGEX, users have also options to perform column-wise or

row-wise scaling as used in this figure.

When comparing miRNAs that are upregulated in the "immune™ subgroup using
heatmap analysis to the Correlated Genes Analysis module provided by TCGEX, it was
observed that miR-155 and a few other miRNAs that could be potential predictors of anti-
tumor immunity are highly correlated with the CD8A gene, a marker for cytotoxic T cells
(CTLs). This finding suggests a potential regulatory role for miRNAs in the immune

response and highlights the importance of studying their interactions with immune cell
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markers in cancer. When reviewing the literature, the effect of miR-155 on malignant
melanoma cell migration and invasion remains largely unclear. The origin of these
miRNA signals remains uncertain, as they could emanate from either the tumor cells
themselves or the immune cells present in the tumor microenvironment. To explore and
resolve these potential sources, a more detailed investigation of the tumor
microenvironment using sSCRNAseq with higher resolution is warranted. However, it is
worth noting that these specific miRNAs have been linked to a heightened immune
response within the tumor microenvironment, suggesting their potential role in

modulating the immune activity in that context (Jayawardana et al. 2016).
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Figure 3.6. Relationship between miRNAs that are upregulated within the "immune"
Subclass in melanoma. The graph is illustrating the relationship between
miRNAs that are upregulated within the "immune” subclass in melanoma, as
identified through the TCGEx Heatmap module, and the CD8A gene, which
serves as a marker for CTLs.

It can be hypothesized that miR-155 has a regulatory effect on the immune

response in melanoma data. The results of PCA analysis using the activation of the
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immune response gene set showed a significant differentiation in patient subsets
identified as high and low based on miR-155 expression level. These results provided
insight into the role of miR-155 in the immune response. Then, the data of patients in 33
cancer types in TCGA are combined, together with the ability of TCGEXx to examine
different cancer types together to investigate whether miR-155 will have a similar role in
only melanoma or all cancer data. When this combined cancer data is examined
specifically for activation of immune response genes using PCA, another analysis method
in this bioinformatics tool, a clear separation is observed in patients with high and low
miR-155 as shown in Figure 3.7. Indicating its potential role as a biomarker in immune
response regulation. These findings suggest that bioinformatics tools such as TCGEx may
facilitate the identification of potential therapeutic targets and biomarkers for cancer
diagnosis and treatment.
A

PCA using genes from GOBP_ACTIVATION_OF_IMMUNE_RESPONSE
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o (High1)
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Figure 3.7. The distinction between patients overexpressing and underexpressing
miR-155. In the A part, the PCA result demonstrates the potential role of miR-
155 in immune activation in melanoma. The graph on B part, created using the
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PCA module from TCGEXx, examines all cancer types for activation of the
immune response, showing the clear distinction between patients overexpressing
and less than miR-155.

Continuing the analysis of melanoma using the Correlated Genes Analysis
module, it is possible to generate a list of genes that are most highly correlated with miR-
155. Upon further investigation of this list, it becomes evident that the genes with which
this miRNA shows high correlation are key genes including CD8A, CCL5 and NKG7
that are crucial for the immune system (Korbecki et al. 2020; Aldinucci, Borghese, and
Casagrande 2020). This finding highlights the potential role of miR-155 in regulating the
immune response in melanoma and suggests that uncovering these genes and/or miRNAs
could be a promising therapeutic approach in the treatment of this cancer type. These
results demonstrate the potential of bioinformatics tools such as the Correlated Genes

Analysis in identifying novel targets for cancer therapy.

Genes p_value correlation_coefficient
1 CCL5 6.59e-92 0.778
2 NKG7 2.24e-86 0.763
3 CcD2 1.68e-85 0.76
- TRAC 2.89e-84 0.756
5 TRBC2 1.87e-83 0.754
6 CDB8A 7.18e-83 0.752
7 MIR155HG 9.23e-83 0.752
8 CD3D 1.22e-82 0.752
9 CD8B 1.35e-82 0.752
10 TIGIT 3.33e-82 0.75

Figure 3.8. Correlated Genes Analysis results show that the genes most correlated with

miR-155 in SKCM patients are those involved in the immune response.

Subsequently, using Gene-to-Gene Correlation Analysis, the absolute correlation
between miR-155 and CD3E and TNF genes, which play a regulatory role in immune
cells, was observed in the generated graphs. These findings suggest a potential regulatory



role of miR-155 in immune cell function, specifically in the regulation of immune
regulatory gene expression such as CD3E and TNF. The results of this study highlight
the importance of miR-155 as a potential therapeutic target for immune-related diseases,

including cancer.

hsa.miR.155.5p vs CD3E CORRELATION PLOT hsa.miR.155.5p vs TNF CORRELATION PLOT

3
hsa.miR.155.5p

3
hsa.miR.155.5p

Figure 3.9. Correlation of miR-155 with the immunomodulatory genes CD3E
and TNF. Graphs created using the Correlation Analysis module in TCGEX,
showing the correlation of miR-155 with the immunomodulatory genes CD3E
and TNF.

In order to obtain more detailed insights about mir-155, examining the pathways
where miR-155 is enriched on TCGEx's GSEA module may be a meaningful next step.
The TCGEx GSEA module scores and prioritizes gene sets based on gene expression
data. It then compares the gene sets and associates them with a particular phenotype so
that the relationship of the gene sets to the phenotype can be evaluated statistically. It then
calculates the enrichment score for each gene set, taking into account the sequence of
genes and the overall gene expression profile. This enrichment score gives information
about which gene sets the feature searched by the user is associated with. The results of
this analysis show that mir-155 is highly enriched in pathways such as activation of
immune response, adaptive immune response, cellular response to cytokine stimulus, cell
activation and inflammatory response. These results can increase our knowledge of mir-

155's functions and its potential clinical applications.
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Figure 3.10. GSEA analysis results that includes information about pathways where miR-

155 is enriched and depleted in melanoma using the TCGEx Gene Sets
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Enrichment Analysis module by using the MSigDB ontology gene sets.

In particular, Interferon Gamma Response, which is one of the remarkable
pathways in which miR-155 is enriched, can be used to examine False Positive and True
Positive Fractions with ROC Curve Analysis against CD8A and IFNG, another module
offered by TCGEX. Gene set that contained genes up-regulated in response to IFNG from
MSigDB were used to perform this analysis. It is obvious from these analysis results that
miR-155 performs close to markers such as CD8A and IFNG used to determine IFNG

Response. With the expansive range of analyses offered by TCGEX, scientists have the

option to test their hypotheses in many different ways.

True positive fraction

False positive fraction

Figure 3.11. True and False Positive Fractions of the IFNG Response Geneset and

hypothetically potential biomarker miR-155 in melanoma. The A panel shows

True positive fraction

0.50
False positive fraction
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the True and False Positive Fractions defined by the IFNG Response gene set
(blue) and mir-155 (red) used against the CD8A. The B panel shows the True
and False Positive Fractions of the IFNG Response gene set (blue) and miR-155
(red), which are similarly used to predict IFNG, a biomarker of innate and
adaptive immunity. When the results are taken together, miR-155 gives
promising results in predicting important genes that play a role in immunity and

is a potent biomarker candidate.

Identifying miRNAs that are correlated with differential survival and immune
involvement in cancer can lead to the discovery of novel therapeutic targets. Machine
learning algorithms, such as linear regression-based models, have been used in several
studies to identify the strongest predictors of various clinical parameters, including
protein-coding genes and noncoding RNAs (Albaradei et al. 2021).

In this study, we present a streamlined interface that enables researchers to use
Lasso, Ridge, and Elastic Net machine learning algorithms with custom response and
predictor variables. This interface can be used to identify miRNAs that are strongly

associated with immune signatures within the tumor.
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(figure 3.12. continued on the next page)
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hsa.miR.7702 0.00951038323482098
hsamiR.1228.5p 0.00737136535955316
hsa.miR.6803.3p 0.00720989105420552
h=sa miR.155.5p 0.00716959466362634
hsa miR. 1976 0.00711324587085296
hsamiR.55686.5p 0.00701351081314841
hsa miR.342 5p 0.00633144251377122
h=sa miR.625.5p 0.00624241570610634
hsamiR.6842.3p 0.00601373108169037

hsamiR.1228.3p  0.00591066212291546

Figure 3.12. Potential miRNAs to explain and predict the CD8 T Cell Score. Graph A and
Table B were obtained with the TCGEx Machine Learning module. The graph
on the A part of this figure is the Ridge Regression model. Each line represents
a predictor. The graph allows us to determine the predictors with the highest
score among the coefficients shrinking to zero. With this model, the potential
miRNAs to explain and predict the CD8+ T cell score were determined. In the
table on the B part, there is an ordered list of miRNAs with the highest potential
in predicting the CD8+ T cell score from Thorsson’s cybersort data, which is a
selected response variable. The score next to the best predictor miRNAs shows

their coefficients in the B part of this figure.

Utilizing the ML module offered by TCGEX to identify miRNAs that best predict
the CD8 T cell score reveals that miR-155 holds strong potential to predict T cells. In
addition to miR-155, miRNAs such as miR-7702, with high coefficient scores, may
deserve further investigation. Subsequently, potential candidates that best predict
lymphocyte infiltration signature score and interferon-gamma response can be identified
using machine learning. As seen in the graphs and tables, miR-7702 and a few other
miRNAs are potential predictors here. In this example, TCGEX is used to conveniently

perform sophisticated analyses suggesting that it can facilitate cancer research.
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Table 3.1. The best predictor miRNAs for Lymphocyte Infiltration Score and Interferon-
Gamma Response, respectively in melanoma patients. The numbers next to the

best predictors exhibit their coefficients.

hsa.miR.5586.5p 0.11453274905518 hsa.miR.3614.3p 0.155297188376112
hsa.miR 3425p  0.114457660501537 hsamiR3614.5p  0.10413515628511
hsa.miR.342.3p 0.101425872357191 hsa.miR.5586.5p 0.0618105781364399
hsa.miR.150.3p 0.0871724512666782 hsa.miR.4658 0.0593328092937445
hsa.miR.1976 0.0967520132846892 hsamiR.1228.3p  0.0581247091551678
hsa.miR.7702 0.0853980545866301 hsamiR.16.1.3p  0.0554059693015674
hsamiR142.5p  0.0845230748793213 hsamiR 4728.3p  0.0499327237093806
hsa.miR.6842.3p 0.084227377202264 hsa.miR.49995p 0.0487362318570367
hsamiR.146b.3p 0.0821334519439358 hsa.miR. 7702 0.0470331247150946
hsamiR29c.3p  0.079848410976221 hsamiR3425p  0.0455915884795359

As mentioned before, more than 150 immune expression signatures were scored
in the study of Thorsson et al. These scores have facilitated our understanding of the
immune system and the mechanisms involved. In Table 3.1. shows the best potential
predictor miRNAs associated with Lymphocyte Infiltrated Signature and Interferon-
Gamma Response scores, respectively, were analyzed with the TCGEx Machine Learning
Module.

Many studies have been carried out in the literature on miRNAs that are thought
to have important regulatory functions such as miR-155, miR-142, and miR-150 in these
tables (Mahesh and Biswas 2019; Sur et al. 2020; Shabani et al. 2019). However, very
little research has been done on some of the candidates in the list of potential predictor
miRNAs that we obtained as a result of these ML algorithms. We highlight the importance
of further study and characterizing the other strong candidates found here. The projects
to be realized with the potential candidates obtained will play an important role in closing
the gaps in the literature.
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CHAPTER 4

DISCUSSION AND CONCLUSION

Compared to mentioned existing tools that analyze and visualize cancer data,
TCGEX offers a wide range of analysis methods, integrating machine learning algorithms
into cancer data. This tool makes it possible to perform comparative analyses using
multiple cancer data simultaneously, the ability to produce images ready for publication
in the article stands out in a fast, robust, extended functionality, and presents a user-
friendly and comprehensive approach to cancer research. In the table below, where the
features of TCGEXx and other current solutions are compared, it is possible to see the

features that this new application offers scientists in the field of research.

Table 4.1. Cross-property analysis of TCGEXx and other applications.

GEPIA 2 Standford OncolLnc CBioPortal

TCGA-CE

TCGExplorer Regulome

Explorer

Features/Tools
Kaplan Meier
Survival
Analysis
Cox
Proportional
Hazards
Metadata
Analysis

Correlation
Analysis

Hierarchical
Clustering

Gene Set
Enrichment
Analysis
Receiver
Operating
Characteristic

Dimensionality
Reduction

Machine
Learning
Algorithms
Subset-Specific
Analysis
Integration of
Multiple
Datasets
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In addition, TCGEX enables comprehensive analysis with the wide-range analyses
modules as shown in Figure 4.1. and without any confusion with its user-friendly, simple
interface. It provides precise results with its customized input options and step-by-step
clear instructions that scientists will carry out their research. With the tutorials presented
to the user, it is possible to carry out the desired analyses, and it can enable the users to
explore new hypotheses and ideas on-the-fly during the analysis.

With this open-source and publicly available application, it is possible to analyze
high-dimensional cancer data from many different perspectives in seconds, while at the
same time, the user is allowed to explore possible common and distinctive aspects of
different cancer types. This tool, which complements existing applications such as
cBioPortal and TCGA-Assembler (Y. Zhu, Qiu, and Ji 2014; Cerami et al. 2012) and can
be a guide for future studies in this field, offers the opportunity to be used equally for all
large or small-scale studies. In order to better understand how TCGEx works and to
validate its superior capabilities, users can visit the website in the supplementary material
or install it on their computer and continue to analyze without the need for the internet.
(https://tcgex.iyte.edu.tr)

TCGEX can play an essential role in the writing and execution of many research
projects. Potential biomarkers and immunotherapeutic targets identified using TCGEXx
modules can generate preliminary data for scientists. Studies can be carried out to obtain
new scientific insights as a result of supporting these data with the literature. In all these
processes, this bioinformatics tool will be a resource researchers can easily access and
save time. Being able to aggregate and analyze cancer types can help users understand
common patterns in different cancers. Thus, the common mechanisms underlying
processes such as metastasis, which is one of the most important causes of cancer
becoming fatal, can be illuminated. Furthermore, examining patient groups in subsets can
easily be used in in-silico studies, which are necessary for the development of
personalized treatment methods.

With its compact structure, TCGEX is suitable software for development and
updates. The data in the TARGET database (Y. Wang et al. 2020), which contains data
on childhood cancers, can be integrated into the bioinformatics application, which
currently includes only the cancer data in the TCGA database. Thus, with the in-depth
analysis of childhood cancers, it will be possible to compare them with other cancer types.

In addition, the inclusion of mouse tumor data in The Mouse Tumor Biology Database
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(Krupke et al. 2008) into the TCGEx environment may allow users for cross-species
analysis. In this way, scientists can have foresight about the future of the study before
starting their research. In the long term, it may be possible for the user to analyze the data
in the GEO Database or the user's data with more than 10 methods in TCGEXx. Thus,
increasingly accumulating high-throughput cancer data can be easily examined and the
emergence of unknowns about cancer can be accelerated.

TCGEX bioinformatics tool offers subset-specific analysis as well as the ability to
group different RNAs such as miRNAs from different RNAseq data and analyze them
according to the user's request. Modules such as PCA and ML allow users to conduct
more extensive research on miRNAs. In this way, the place of miRNAs in tumor
immunology can be more clearly defined. In the close future, TCGEX will have the ability
to perform other ncRNAs group-specific analyses such as lincRNA. In this way, our
knowledge about non-coding ncRNAs will increase rapidly.

TCGEX, which offers many users from all over the world the opportunity to
connect at the same time and perform bioinformatic analysis, also stands out with its
powerful server and infrastructure. TCGEXx server, established at Izmir Institute of
Technology, offers users a fast, effective, and robust analysis opportunity with its
multiple virtual machines. In addition, the application, which has effective security
certificates, offers users a quite safe and free research opportunity. This powerful
infrastructure can also be upgraded depending on the increase in usage and load in the
future, so users will have an uninterrupted cancer research experience.

It can be accessed from TCGEX (https://tcgex.iyte.edu.tr) address and also has the
feature of working in the docker environment. With this feature, users can download the
TCGEXx application image to their computers and run it locally with the Docker
application. Thus, users can easily continue their analysis locally in case of any server
Issues.

TCGEX, which makes it possible to examine dozens of different cancer types by
combining many analysis methods, can become an extremely valuable resource for cancer
research with new modules to be added. One of the new features to be added to the
application can be a module that can perform differential gene expression analysis using
raw cancer data. In this way, genes that show the most different expressions in different
samples can be detected. This feature will also provide scope to support other modules.

Another feature that could be added would be to develop a scoring function that would
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describe the correlation of a selected gene with a gene set in correlation plots. This way,
the relationship between individual genes and gene sets associated with specific
phenotypes can be explored.

Eventually, TCGEX arises as a unigue research tool with features such as subset-
specific analysis, integration of multiple datasets, machine learning algorithms, and 10
robust bioinformatics analysis modules, while at the same time, promising for in-silico

cancer research with its modularized structure that is open to upgrades.
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Figure 4.1. TCGExplorer's wide analysis range and general workflow chart. In the
TCGEXx application, one or more cancer data to be analyzed by the user is
selected first. And then it is possible to perform the following analyses: Principal
Component Analysis, Kaplan-Meier Analysis Module, Receiver Operating
Characteristic Curve Analysis, Heatmap Analysis, Cox Proportional Hazards
Model Analysis Module, Gene Set Enrichment Analysis, Correlation Analysis,
Correlated Gene Table Analysis, Metadata Analysis Module, and Machine
Learning Algorithms Analysis.
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